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Using Presence-Absence Data on
Areal Units to Model the Ranges and Range Shifts

of Select South African Bird Species
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The study of where species occur is an important concern in ecology. Over the

last decade, the occupancy model has been the primary tool used in attempts to

answer where, when and why species occur where they do. In this dissertation, the

occupancy model is improved upon by adding a spatial component to account for

similarities between adjacent sites. The model was applied to the Southern ground

hornbill (Bucorvus leadbeateri), an elusive species that occurs in low densities through

much of sub-Saharan Africa; South Africa is the southernmost end of its range and

the distribution of the species there is unknown. The model uncovered new areas

of potentially high occupancies, quantified the strong associations between hornbill

occurrences and the availability of protected areas, and provided the appropriate

structure to ask additional biological questions.

The spatial occupancy model was then further adapted to include a temporal com-

ponent in order to quantify range expansions or contractions when data are collected

over time. This model was used on the common myna (Acridotheres tristis), an inva-

sive species in South Africa whose range has been expanding in recent decades. The

results suggest that the range of the myna continues to expand at a rate of 3% a year

and that its occurrences are associated with high human population densities.





TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iv

Glossary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vi

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Objectives and Dissertation Outline . . . . . . . . . . . . . . . . . . . 1

1.2 Motivation: Presence-Absence Data and Atlas Maps in Ecology . . . 3

1.3 The Southern African Bird Atlas Project (SABAP) . . . . . . . . . . 6

1.4 Occupancy Models to Analyze Presence-Absence Data . . . . . . . . 8

1.5 Incorporating Neighboring Spatial Relationships . . . . . . . . . . . . 11

1.6 Motivation: Multi-Season Models for Presence-Absence Data . . . . . 14

Chapter 2: Spatial Occupancy Models for Atlas Data: With Application to
the Southern Ground Hornbill . . . . . . . . . . . . . . . . . . . 19

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

Chapter 3: A Simulation Study of the RSR and ICAR Occupancy Models . 49

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.4 Summary of Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

i



Chapter 4: A Spatio-Temporal Model, Introduced and Applied to the Com-
mon Myna . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

4.3 Model Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

4.4 Simulation Study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

4.5 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

4.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

Chapter 5: Conclusions & Implications . . . . . . . . . . . . . . . . . . . . 118

5.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

5.2 Future Model Applications . . . . . . . . . . . . . . . . . . . . . . . . 122

5.3 Conservation and Management Implications . . . . . . . . . . . . . . 123

5.4 Recommendations for Sampling Design Improvements . . . . . . . . . 124

5.5 Final Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

Appendix A: Hornbill Supplementary Material . . . . . . . . . . . . . . . . . 137

Appendix B: Myna Supplementary Material . . . . . . . . . . . . . . . . . . 142

B.1 Myna SABAP 2 data. . . . . . . . . . . . . . . . . . . . . . . . . . . 143

B.2 Model equations. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

B.3 List of symbols and their definitions. . . . . . . . . . . . . . . . . . . 146

B.4 Derivation of the neighborhood dispersal vector. . . . . . . . . . . . . 147

B.5 Simulation study results. . . . . . . . . . . . . . . . . . . . . . . . . . 148

B.6 Parameter estimates from model variants of the myna analysis. . . . . 152

ii



LIST OF FIGURES

Figure Number Page

1.1 Map of SABAP 1 data. . . . . . . . . . . . . . . . . . . . . . . . . . . 16

1.2 The spatial coverage of the SABAP 2 data, as of 19 August 2013. . . 17

1.3 Neighborhood structure of the data. . . . . . . . . . . . . . . . . . . . 18

2.1 Ground hornbill analysis area, plus the number of detections per site. 46

2.2 Predicted occupancy probabilities of the ground hornbill, from the
ICAR model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

2.3 Predicted occupancy probabilities of the ground hornbill, from the
RSR-160 model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

3.1 Examples of eigenvector mapping. . . . . . . . . . . . . . . . . . . . . 84

3.2 Simulation study estimates when missing large-scale covariates. . . . 86

3.3 Simulation study estimates when missing clustered covariates. . . . . 88

3.4 Bias of the spatial occupancy models. . . . . . . . . . . . . . . . . . . 90

3.5 Simulation study estimated standard errors. . . . . . . . . . . . . . . 92

4.1 Myna detections and surveys. . . . . . . . . . . . . . . . . . . . . . . 114

4.2 Neighborhood structure. . . . . . . . . . . . . . . . . . . . . . . . . . 115

4.3 Predicted dispersal surface of the myna. . . . . . . . . . . . . . . . . 115

4.4 Estimated occupancy probabilities of the myna. . . . . . . . . . . . . 116

4.5 Estimated occurrences of the myna. . . . . . . . . . . . . . . . . . . . 117

A.1 Ground hornbill analysis area, plus the number of surveys per site. . . 138

A.2 Realized hornbill occupancies from the Full ICAR model. . . . . . . . 139

A.3 Realized hornbill occupancies from the Full RSR-160 model. . . . . . 140

B.1 SABAP 2 surveys and detections of the myna. . . . . . . . . . . . . . 143

B.2 Myna occupancy probability standard errors. . . . . . . . . . . . . . . 158

B.3 Myna occurrence standard errors. . . . . . . . . . . . . . . . . . . . . 159

iii



LIST OF TABLES

Table Number Page

2.1 A summary of the models that were fit to the ground hornbill data. . 39

2.2 Hornbill parameter estimates, nonspatial occupancy models. . . . . . 42

2.3 Hornbill parameter estimates, the ICAR occupancy models. . . . . . 43

2.4 Hornbill parameters estimates, the RSR-400 occupancy models. . . . 44

2.5 Hornbill parameter estimates, the RSR-160 occupancy models. . . . . 45

3.1 The posterior predictive loss criterion (PPLC) for model selection. . . 61

3.2 Nonspatial versus spatial occupancy models. . . . . . . . . . . . . . . 63

3.3 A comparison of model fit when the spatial random effect is used in
place of all covariates. . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.4 Accuracy of the reported standard errors. . . . . . . . . . . . . . . . . 67

3.5 Trade-off between run times and model error. . . . . . . . . . . . . . 70

3.6 Model errors under alternative spatial regimes. . . . . . . . . . . . . . 70

3.7 Model results for low occupancy probabilities. . . . . . . . . . . . . . 72

3.8 Predicting model coefficients with uncorrelated variables. . . . . . . . 73

3.9 Predicting model coefficients with correlated variables. . . . . . . . . 73

3.10 Biases from collinearity between detection and occupancy probabilities. 77

3.11 Biases from clustered collinearity. . . . . . . . . . . . . . . . . . . . . 77

3.12 Comparing posterior estimates for different gamma priors for the spa-
tial parameter, τ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

3.13 Biases resulting from a sparsely sampled area. . . . . . . . . . . . . . 80

3.14 Biases resulting from a sparsely sampled area on a large grid. . . . . . 80

4.1 Nonhomogeneous model of the myna, parameters and estimates. . . . 109

4.2 Homogeneous model of the myna, parameters and estimates. . . . . . 110

4.3 Neighborhood dispersal probabilities of the myna, from the homoge-
neous model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

A.1 Ground hornbill predicted occupancy probabilities. . . . . . . . . . . 141

iv



B.1 Simulation study results from the nonhomogeneous, spatio-temporal
model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

B.2 Simulation study results from the nonhomogeneous, spatio-temporal
model, with varying long-distance dispersal . . . . . . . . . . . . . . . 149

B.3 Simulation study results from the homogeneous, spatio-temporal model.150

B.4 Simulation study results from the homogeneous, spatio-temporal model,
with varying long-distance dispersal. . . . . . . . . . . . . . . . . . . 151

B.5 Myna results from the nonhomogeneous, spatio-temporal model using
latitude as the habitat gradient. . . . . . . . . . . . . . . . . . . . . . 153

B.6 Myna results from the nonhomogeneous, spatio-temporal model using
longitude as the habitat gradient. . . . . . . . . . . . . . . . . . . . . 154

B.7 Myna results from the nonhomogeneous, spatio-temporal model, with
long-distance dispersal a function of human populations. . . . . . . . 155

B.8 Myna results from the homogeneous, spatio-temporal model, with long-
distance dispersal a function of human populations. . . . . . . . . . . 156

B.9 Dispersal probabilities associated with Table B.8. . . . . . . . . . . . 157

v



GLOSSARY

CAR MODEL: A regression model that includes a conditional autoregressive vari-

able to account for residual spatial autorcorrelation.

ICAR MODEL: Intrinsic conditional autoregressive model. A specific type of CAR

model that allows one to write the joint distribution of the spatial autocorrela-

tion as a set of conditional distributions. One can then use MCMC techniques

to estimate the parameters associated with the spatial variable.

MORAN OPERATOR MATRIX (Ω): An equation whose eigenvalues determine the

distribution for the Moran’s I statistic for that data set. (The values that

the Moran’s I stastistic may take depend on the values of the sites for which

one wants inference and on the number and arrangement of these sites.)

MORAN’S I STATISTIC: A measure of spatial autocorrelation in a data set. Neg-

ative values indicate negative spatial autocorrelation (i.e. the data look like a

checkerboard); positive values indicate positive spatial autocorrelation (i.e. the

data are clumped). A zero value indicates a random spatial pattern.

OCCUPANCY: Is generally reported as a probability. It is the probability that a

species will occur at an unsurveyed site.

OCCUPANCY MODEL: A regression-type model that uses data with multiple vis-

its/surveys per site to account for the fact that a species may be present at a site

vi



but go unseen. It uses this data coupled with environmental and observation-

process variables to estimate the probabilities of where the species is likely to

occur across a given landscape.

OCCURRENCE: The acutal outcomes of species occupancy at each site. Similar to

a coin flip, the occurrences would be the heads or tails that result, while the

occupancy probability is the probability of these said occurrences arising.

PENTAD: A 5-minute latitude by 5-minute longitude rectangle, which is approx-

imately 8 km x 7.6 km. The data for SABAP 2 is collected at this spatial

resolution.

QDGC: Quarter Degree Grid Cell. A 15-minute latitude by 15-minute longitude

rectangle. The area of one of these sites is approximately 720 km2. The data

for SABAP 1 was collected at this spatial resolution.

RSR: Residual spatial regression is a model derived from the ICAR model. Similar

to the ICAR model, it uses a random effect variable to model residual spatial

autocorrelation. It additionally uses eigenvectors from the Moran Operator Ma-

trix to reduce the dimension of the precision matrix (the inverse of the variance

matrix) associated with the spatial random effect.

SABAP: The Southern African Bird Atlas Project. A database of checklists sub-

mitted by volunteer bird watchers. Each checklist contains a list of bird species

that were seen along with the location of the sightings. The project has oc-

curred in two phases. SABAP 1 is data collected primarily between 1987 and

1991. SABAP 2 was started in July 2007 and is ongoing.
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Chapter 1

INTRODUCTION

1.1 Objectives and Dissertation Outline

Ecology can be described as the study of how organisms interact with their envi-

ronment, how this relationship evolves over time, and what mechanisms drive these

dynamics (Kéry and Schaub, 2012). The answers to these questions require knowledge

on species’ abundances or occurrences. Sometimes, occurrence data are of interest

through its relationship to abundance, as it is generally cheaper and/or more efficient

to collect than data on abundance (Royle and Dorazio, 2008). Other times, occu-

pancy (the proportion of a landscape that a species occupies) will be the key state

variable (i.e., Scott et al. (2002); Gaston (2003)).

The goal of my PhD research is to use presence-absence data from the Southern

Africa Bird Atlas Project (SABAP) to quantify South African bird species’ ranges and

range shifts via occupancy probabilities, and to correlate them with available environ-

mental variables, with the ultimate goal of improving upon established techniques by

utilizing the extra information that is contained with spatially and temporally con-

nected sites and surveys of a large database of presence-absence records. The virtues

of this knowledge have been extolled time and again (e.g., see Scott et al. (2002);

MacKenzie et al. (2006); Royle and Dorazio (2008); Kéry and Schaub (2012)). In

this vein, I have developed a model that incorporates the imperfect detection of a

species, the spatial and temporal correlations of the data, and the environmental co-

variates that affect occupancy and detection. I have also applied the models to two

species: the Southern ground hornbill (Bucorvus leadbeateri) and the common myna

(Acridotheres tristis).
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Occupancy is a fundamental concept in macroecology, landscape ecology, and

meta-population ecology (Brown and Maurer, 1989; Levins, 1969; Hanski, 1998); it

is a natural summary of habitat suitability (Boyce and McDonald, 1999); and it is

used as an important criterion in determining conservation status for the International

Union for Conservation of Nature (IUCN) red list, a tool widely used by governments,

NGOs and scientific institutions to set conservation priorities and goals (Kéry and

Schaub, 2012; Hilton-Taylor, 2001). In particular, larger sets of occurrence data

compiled into atlas projects can and have been used for biodiversity monitoring and

to determine the effects of climate change (Kéry and Schaub, 2012; Altwegg et al.,

2012).

In this chapter, I describe the data; the base models used to analyze similar data

sets; and introduce the spatial components that will be added to those models. Chap-

ter 2 presents an application of a spatial occupancy model to the Southern ground

hornbill. The model revealed a larger distribution for the species than would have

been identified if one did not account for imperfect detection and spatial autocorrela-

tion. Because the Southern ground hornbill has a Threatened status in South Africa,

the results have important management implications for conservation efforts. Chap-

ter 3 is a simulation study of the spatial occupancy models that tests their accuracy

and sets boundaries for future model usage. Chapter 4 introduces a new occupancy

model with explicit spatial and temporal components for a multi-season analysis of

an open population. This model is particularly important for rapid colonizers. In-

cluded in this chapter is a simulation study demonstrating the model’s accuracy in its

predictions and an application of the model to the common myna, an invasive species

within South Africa. The model concludes that the range of the myna continues to

expand at a rate of approximately 3% a year, with the thrust of this expansion occur-

ring along the coast and northward into Zimbabwe. Chapter 5 summarizes the main

results from each chapter and the resource management implications of the work.

Each chapter is connected with a flow that begins here with qualitative descriptions
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of the research questions and culminates with the spatio-temporal hierarchical model.

However, the dissertation has been written so that each chapter may be enjoyed

independently of the others, depending on the reader’s interests.

1.2 Motivation: Presence-Absence Data and Atlas Maps in Ecology

The collection of presence-absence data has a long history in ecology. A review of

species occurrence modeling from 2001 refers to hundreds of such data sets (Scott

et al., 2002). Most often, these data are used to predict where a species occurs, the

extent of its distribution across a landscape, and/or the species-habitat relationships.

Use of presence-absence data is common because it is noninvasive and cheap to collect;

it does not involve capturing and tagging any animals (MacKenzie et al., 2006; Royle

and Dorazio, 2008). For example, the MacKenzie et al. (2002 paper, which introduced

the occupancy model to analyze such data, has been cited over 1,226 times (Google

Scholar search, May 31, 2013).

Recent technological advances have only continued the proliferation of this type of

data. For example, scat samples may be collected and analyzed as presence-absence

data (i.e., Wasser et al. (2012)); camera traps may be employed and similarly analyzed

(i.e., Hines et al. (2010)).

In addition to studies on single species or single ecosystems, many scientists build

databases of “atlas data”. Atlas data are one of the most popular forms of survey

in ornithology (Donald and Fuller, 1998), but it may be collected for any species.

While the protocol of the data collection will vary from project to project, an atlas

is usually presence-absence data collected on a grid by multiple observers, with the

purpose of mapping the geographical patterns of occurrence over a large area (Donald

and Fuller, 1998).

The Southern African Bird Atlas Project (SABAP) data used in this dissertation is

a prime example. The atlas survey was originally conducted in the late 1980s, and its

success inspired many similar atlas programs in Southern Africa: the Bird in Reserves
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Project in South Africa, the Mozambique Bird Atlas Project, the Southern African

Frog Atlas Project, the Southern African Reptile Conservation Assessment, and the

Southern African Butterfly Conservation Assessment (Harrison et al., 2008). More

globally, there have been atlas surveys of amphibians (Heikkinen and Högmander,

1994) and breeding birds (Högmander and Møller, 1995) in Finland; breeding bird

atlases in Switzerland (Tobalske and Tobalske, 1999); bird surveys statewide in Ne-

braska and region-wide in the Great Lakes Basin (Scott et al. (2002) (ch 32), Sargeant

et al. (2005)), and large atlases of plant species occurrences such as FLORKART in

Germany (Bierman et al., 2010). In addition, the counts from line-transect surveys

such as the North American Breeding Bird Survey are often simplified to presence-

absence and analyzed as atlas data (MacKenzie et al., 2006).

As the collection of presence-absence data grows in popularity, it becomes increas-

ingly important to use the correct methods in its examinations. Prior to the seminal

paper by MacKenzie et al. (2002), this type of data was analyzed primarily by logistic

regressions (Scott et al., 2002). These models were not ideal because they ignored the

possibility of non-detection, also known as false-negatives, and thereby consistently

underestimated occurrence rates (Royle and Dorazio, 2008). The model framework

introduced by MacKenzie et al. (2002) and Tyre et al. (2003), referred to hereafter

as an “occupancy model”, accounts for the possibility of non-detection and it is the

modeling framework that I adapted in this dissertation.

The occupancy model is a great model for many data sets, but will be inadequate

when data are collected from nonrandom sampling. For atlas data, the sampled sites

and desired area of inference involve adjacent sites. Allowing neighboring sites to be

more similar than sites that are far from one another can improve model predictions.

However, ignoring the fact that the sites of the study were not independent may

lead to biased results, inflate the significances of the predictors, and in turn, lead to

incorrect model selection (Augustin et al., 1996; Moore and Swihart, 2005).

Spatial dependencies have mostly been ignored in wildlife investigations (Scott



5

et al., 2002) but there have been a few spatially explicit occupancy models and the

quality and quantity of the spatial models continues to grow. Augustin et al. (1996);

Heikkinen and Högmander (1994); Högmander and Møller (1995); Wu and Huffer

(1997); Hoeting et al. (2000) were the first papers to incorporate spatial dependence

in models that predict occurrence. Spatial dependence is accounted for with the

addition of an autocovariate term to a model. An autocovariate is a weighted sum of

the response values in neighboring sites and it is added as an additional explanatory

variable to a regression equation (Wu et al., 2009). Augustin et al. (1996) found that

adding an autocovariate to their logistic regression reduced the unexplained deviance,

made some previously significant parameters become nonsignificant, and produced less

uniform occupancy predictions, better reflecting the clustering of the true distribution

of the red deer population in Scotland that they were modeling. Similar results could

be expected for other regression models that add a spatial component.

Since the 1990s, there have been a few models that both account for non-detection

and include a spatial autocorrelation term: Hooten et al. (2003); Moore and Swihart

(2005); Sargeant et al. (2005); Magoun et al. (2007); Wintle and Bardos (2006); Royle

et al. (2007); Gardner et al. (2009); Hines et al. (2010); Bierman et al. (2010); Aing

et al. (2011); Chelgren et al. (2011); Johnson et al. (2013). Some of these studies

were designed for data collected at points or along line transects and therefore are

not applicable to the SABAP data. Other examples use an autologistic term to

account for the spatial autocorrelation. In this dissertation, I follow the example set

by Johnson et al. (2013) and use a conditional autoregressive (CAR) variable and then

an adaptation to the CAR variable, known as a restricted spatial regression (RSR),

to account for spatial autocorrelation. These models and the reasoning behind their

use are described below, in the “Incorporating Neighboring Spatial Relationships”

section on page 11.
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1.3 The Southern African Bird Atlas Project (SABAP)

The Southern African Bird Atlas Project is a database of bird lists from amateur and

professional bird watchers. It has occurred in two phases: SABAP1 and SABAP 2.

Avid bird watchers spend time looking for different bird species either on a specific

bird-watching trip or on a walk through their neighborhood, then submit the list

of species that were seen along with their location noted as the grid cell that they

were in. The aggregation of this presence-absence data leads to a coarse map of the

distribution of every species that occurs in South Africa for at least part of the year.

The first project, SABAP 1, is the database of bird occurrences recorded primarily

from 1987–1991; it also incorporates some data from as early as 1970 and continues

in some regions into 1992 and 1993 (Harrison et al., 1997a). The survey area was

Southern Africa, covering Botswana, Namibia, Zimbabwe, Lesotho, Swaziland, and

South Africa. Figure 1.1 shows the extent and coverage of SABAP 1. The sampling

unit was a quarter degree grid cell (QDGC), corresponding to a rectangle of 15 minutes

of latitude by 15 minutes of longitude; the area of each cell is approximately 719 km2

(Larsen et al., 2009). These cells differ in size due to the curvature of the Earth, with

a minimum area of 641 km2 in the southern Cape Province and a maximum area of

740 km2 in northern Zimbabwe (Harrison et al., 1997a). In model analyses, each cell

is assumed to be a similar size. SABAP 1 consisted of 4,000 grid cells, 88 of which

have no data (Harrison et al., 1997a); 1,196 of the grid cells occur in South Africa.

For SABAP 1, seven thousand people volunteered to be observers. Five thousand

of them submitted at least one checklist, and two thousand were considered regular

contributors. About 750 observers contributed 80% of the checklists. Altogether

147,605 checklists were submitted for the region; producing 7 million records of bird

occurrences (Harrison et al., 1997a). The effort-per-list for SABAP 1 was not recorded

explicitly. A checklist could be submitted for any period of time from five minutes

up to a maximum of one calendar month, but on each list, species are recorded in
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the order in which they were observed. For further details on SABAP 1, the reader is

referred to the Introduction and Methods sections of The Atlas of Southern African

Birds, Volume 1 (Harrison et al., 1997a).

The accumulation of the SABAP 1 lists was used to set the range boundaries

where birds could be expected to occur in South Africa. It was the first time that

general ranges and migration patterns were calculated for most species. The general

success of SABAP 1, coupled with interest in whether and how ranges and migration

patterns had changed in the decades since, led to a repeat of the atlas project, and

SABAP 2 was born.

The second atlas project, SABAP 2, was begun in 2007 and continues through

the present day, with the objective to measure the impact of environmental change

on the distributions and abundance of birds since SABAP 1 (Harebottle et al., 2007).

Figure 1.2 shows the extent and coverage of SABAP 2 as of February 8, 2011 (Animal

Demography Unit, 2011). SABAP 2 has the same basic form as SABAP 1, but with

a few changes. One modification is a smaller resolution; the sampling unit is a pentad

grid cell, which is a 5-minute latitude by 5-minute longitude rectangular cell. Each

pentad is approximately 8 x 7.6 km. However, size again varies from cell to cell due

to the longitude lines getting closer to each other as they approach the poles. This

change within southern Africa is not very large and all units will again be assumed

to be of the same size. SABAP 2 consists of 17,444 pentads covering a survey area of

South Africa, Lesotho, and Swaziland (Harebottle et al., 2007). As of May 31, 2013,

1,225 volunteers had submitted 87,797 cards for a total of over 4.6 million records of

bird occurrences; 68% of the pentads had been surveyed (Animal Demography Unit,

2011).

For each list that is submitted to SABAP 2, the bird watcher is expected to cover

all habitat types that occur within the pentad. The time scale is also more rigid. For

each list, the volunteer must be actively bird watching for a minimum of two hours

and can spend a maximum of five days recoding birds for each list. From this data,
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the number of hours spent intensively birding and the total number of hours for the

lists are recorded for each survey. The order in which the birds were seen is noted

and the observer who submitted the survey is also recorded.

Each bird list that is submitted is seen as a survey that records the occurrences

and non-detections for every species that occurs in South Africa, leading to a lattice

structure of presence-absence data. Every time that a species is absent from a list, it is

equal to a non-detection. I exploited the spatial and temporal information contained

within each survey record to quantify the ranges and range shifts of South African

bird species, to empirically correlate these ranges with environmental factors, and to

determine associations between ranges and environmental factors. Such relationships

are more commonly noted anecdotally but not verified statistically.

1.4 Occupancy Models to Analyze Presence-Absence Data

The occupancy model stems from mark-recapture models and was first published by

MacKenzie et al. (2002) and Tyre et al. (2003) and further explained in MacKenzie

et al. (2006). Occupancy models account for imperfect detection, the effects of en-

vironmental variables on occupancy and detection, and the effects of observational

variables on detection. I present the models within a Bayesian framework similar to

Royle and Dorazio (2008) because the Bayesian version more easily incorporates spa-

tial autocorrelation. Occupancy models assume that N sites from the desired area of

inference are randomly and independently sampled. There are multiple, independent

surveys of each of the sites. On each survey j of each site i, the species of concern

is either detected or not detected. If the species is detected on at least one survey

of the site, then that site is occupied. It is assumed that there are no false positives

under these circumstances, i.e., a species is never detected at an unoccupied site. If

the species is not detected, then either that site is not occupied or it is occupied but

the species was not detected. Let z = {z1, . . . , zN} be the true occupancies of the N

sampled sites. For site i,
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zi ∼ Bernoulli (ψi) (1.1)

where ψi is the probability of occupancy. Thus, zi = 1 if the site is occupied and

zi = 0 if the site is not occupied. Site-specific variables that may affect occupancy,

such as percentage of farmed land, vegetation composition or human density, are

incorporated into the probability of occupancy with a logit or probit link (Royle and

Dorazio, 2008; Johnson et al., 2013):

probit (ψi) = β0 + β1x1,i + · · ·+ βUxU,i (1.2)

Let y = {y1, . . . , yN} be the observed occupancies of the N sampled sites from

our data. For site i,

yi|zi ∼ Binomial (Ji, zipi) (1.3)

where Ji is the number of surveys of site i and pi is the probability of detecting the

species. If survey-specific variables that affect detection probability, such as observer

skill, effort, or time of day, are included, then we have a matrix Y = {yij} of observed

occupancies and for each survey j of site i, yi|zi ∼ Binomial (Ji, zipi,j) where pi,j is

defined through:

probit (pi,j) = α0 + α1x1,i,j + · · ·+ αV xV,i,j (1.4)

Note that both site-specific and survey-specific variables may affect detection prob-
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ability and the same site-specific variables may be in both the occupancy and detection

probability functions.

Estimates of the parameters are obtained through the posterior distributions. To

get these posterior distributions, uninformative priors, such as normal distributions

with large variances, are placed on the and parameters. The posterior distribution

is created from thousands of iterations of the model, following a burn-in period. The

median value is taken as the point estimate from the posterior distribution, standard

deviations are calculated directly from the distribution, and 95% credible intervals

are created from the 2.5% and 97.5% quantiles of the distribution. More details on

the implementation of Bayesian models are described in Royle and Dorazio (2008),

with a good example found in their Chapter 3.

Multi-Season Occupancy Model. The multi-season occupancy model version

models changes in occupancy over time as a function of the underlying processes of

local colonization and persistence rates (MacKenzie et al., 2003). For the multi-season

model, the probabilities of occupancy for season or time period 1 are modeled in the

single season as in Equations 3.7 and 1.2 above. The occupancy probabilities for the

subsequent seasons or time periods are functions of the persistence rates, colonization

rates, and the previous state of occupancy. The persistence rate is the probability

that a previously occupied cell, site i, remains occupied between seasons t and t+ 1.

(The local extinction rate is 1 minus this probability.) The colonization rate is the

probability that a previously unoccupied cell becomes occupied between seasons t and

t + 1. Now Z = {zi,t} is the matrix of the true occupancies of the N sampled sites

during time periods t = 1, . . . , T . The occupancies of each site are again assumed to

be independent Bernoulli random variables. The probability that a site i is occupied is

dependent on the occupancy at time period t−1. If the site was previously occupied,

zi, t−1 = 1, and the probability that it is currently occupied is equal to the persistence

rate. If the site was previously unoccupied, zi, t− 1 = 0, then the probability that it
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is currently occupied is equal to the local colonization rate.

The persistence and colonization rates can be generalized using logit or probit

links, as in Equation 1.2, to incorporate habitat or temporal effects on the probabili-

ties. Imperfect detection is included in the model with the same hierarchical structure

as before. Let Y = {yi,j,t} be our data, the observed occupancies of site i at survey

j during time period t. Then,

yi,j,t|zi,j,t ∼ Bernouli (zi,tpi,j,t) (1.5)

1.5 Incorporating Neighboring Spatial Relationships

An assumption of the base occupancy model is that the sites are random, independent

samples from across the landscape, and that there are an infinite number of points

to theoretically sample (although one can calculate a finite occupancy under the

Bayesian model framework, Royle and Dorazio (2008)). The SABAP data are a

connected grid, a finite, lattice-structured data set of areal units, with samples of

adjacent cells and with cell boundaries that are arbitrary to bird territories. Also,

detailed covariate information for each site may not exist. Therefore, there may be

a spatial pattern in the residual, known as spatial autocorrelation that should be

modeled when estimating occupancy probabilities.

Presence-absence data may be collected at specific points, along line transects, or

on areal units. Each type of collection would impose a different correlation and model

structure on the data and desired areas of inference. For areal units, like the SABAP

data, an autoregressive variable is used to account for the fact that neighboring sites

are likely to be more similar than two sites chosen at random and its addition to a

model may improve the model’s predictive capabilities (Hoeting et al., 2000).

An autoregressive variable is a Markov Random Field, dependent only on its

neighbors’ values. For the SABAP data, a site’s neighbors are those sites that are
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adjacent or diagonal to it (Figure 1.3), Most sites have 8 neighbors and edges have

fewer. Other data sets may have different definitions of neighbors.

In its most general form, an autoregressive variable has the following conditional

distribution:

ηi|η−i ∼ Normal

(
µ+

∑
j

aij (ηi − µ), σ2
i

)
(1.6)

where η−i is all sites not equal to i, and µ is the overall mean of the η variables.

Because of the Hammersley-Clifford Theorem and Brook’s Lemma, the above condi-

tional distributions are guaranteed to have a joint distribution (Banerjee et al., 2004).

Let A = {ai,j} and M = diag(σ2
i ), then:

η ∼ Normal
(
0, (I−A)−1 M

)
(1.7)

Some reasonable restrictions are added to the above model to make it estimable.

Let W = {wi,j} be a weights matrix, with wi,j = 1 if sites i and j are neighbors

(i 6= j), and 0 otherwise. Let |n(i)| be the number of neighbors of site i. Then:

A = ρW

M−1 = σ−2diag (|n(i)|)
(1.8)

Equations 1.7 and 1.8 give us a proper conditional autoregressive (CAR) model.

Maximum likelihood methods can be used to solve its parameters. But because the

estimation process requires inverting matrices, this advantage becomes computation-

ally prohibitive for large numbers of sites. Another disadvantage of the proper CAR

model is that it can only model a narrow range of spatial patterns. In general, a
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proper CAR model will lead to a maximum Moran’s I value of 0.52 for the variable

(Banerjee et al., 2004). The Moran’s I statistic is commonly employed to measure

a variable’s spatial connectivity. It ranges from approximately -1 to 1; a nonzero

value means that the variable is more similar (if the statistic is greater than 0) or

less similar (if the statistic is less than 0) to its neighbors than would be expected by

chance (Wu et al., 2009).

Instead, we set ρ = 1 and Equation 1.7 becomes an intrinsic conditional autore-

gressive (ICAR) model, which can model the full range of spatial autocorrelations,

leading to Moran’s I values of close to -1 to +1. This setting makes the joint dis-

tribution improper, although the conditional distributions are still proper. However,

the distribution is used as a prior and still leads to proper posterior distributions,

which is in line with the priors usually placed on the other parameters. For the ICAR

model, Equation 1.6 simplifies to:

ηi|η−i ∼ Normal

(∑
j ηji

|n(i)|
,
σ2

|n(i)|

)
(1.9)

The ICAR variable lends itself nicely to Bayesian methods and is flexible because

it can be used with different definitions of neighbors. (For example, for irregularly

shaped sites, neighbors may be defined as all sites whose distance between their cen-

troids is within a certain cut-off.) When an ICAR variable is included in a generalized

linear model, it is added as a random effect and it will be set to have a mean of 0 so

as to be identifiable.

Starting in the 1990s, the ICAR has been gaining popularity as computing abili-

ties increase and Bayesian methods have become mainstream. But despite all of its

advantages, the ICAR is not a panacea for residual spatial autocorrelation. Recent

publications have brought its helpfulness into question, as it appears to bias models’

fixed effects coefficients and to inflate their standard errors (Reich et al., 2006; Dor-
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mann et al., 2007; Paciorek, 2010; Hodges and Reich, 2010; Hughes and Haran, 2010).

In Chapter 3, our simulation studies confirm these biases and inflated standard errors

with ICAR variables in an occupancy model framework.

Because of these deficiencies, we use an adaptation to ICAR to build a better

spatial occupancy model, which we call a restricted spatial regression (RSR) (Johnson

et al., 2013). The RSR model is described in Chapter 2.

1.6 Motivation: Multi-Season Models for Presence-Absence Data

Occupancy models that span multiple time periods are alternately called dynamic

occupancy models or multi-season occupancy models. They predict occupancy prob-

abilities for each time period and the local persistence (i.e., site survival) and col-

onization probabilities for each site and between each time period.MacKenzie et al.

(2003) introduced the first dynamic occupancy model; this model is popular, having

been cited 561 times (Google search, May 31, 2013).

The MacKenzie et al. (2003) dynamic occupancy model is unsatisfactory because it

does not explicitly match colonization and extinction probabilities to the true patterns

of occurrences that have been seen or predicted for the area of inference. Intuitively,

one knows that the dynamic processes of colonization and extinction will mostly

happen along the edges of a species’ range and this fact should be taken into account

in the dynamic models.

There have been some recent examples in the literature to more explicitly link

colonization and extinction with spatial relationships (Bled et al., 2011; Yackulic

et al., 2012). Most notably, Yackulic et al. (2012) used an autologistic term to model

the colonization and extinction probabilities as functions of the occupancy rates of

neighboring sites, but the model assumed a constant occupancy probability for the

first year for the entire area of inference, which is unlikely to be true for other data

sets and is not true for the SABAP data.

Therefore we adapted the Hooten and Wikle (2010) model of diffusion to account



15

for non-detection and added an explicit spatial process for year 1. The model has

a strong theoretical background, based on cellular automata and diffusion processes,

demonstrating its effectiveness and utility for other, related data. The new model

is also extremely flexible due to its Bayesian framework and can easily be adapted

for more complex long distance dispersal and/or persistence probabilities. The com-

bination of these factors will make the multi-season occupancy model presented in

Chapter 4, the preferred method of analysis for similar data sets going forward.
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Figure 1.1: SABAP 1 data were collected in Botswana, Namibia, Zimbabwe, Lesotho,
Swaziland, and South Africa. For my dissertation, I used the data from South Africa
only.
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Figure 1.2: The spatial coverage of the SABAP 2 data, as of 19 August 2013.
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Figure 1.3: Neighborhood structure of the data. A site’s neighbors are the sites that
are adjacent or diagonal to it. For example, site 5 has 8 neighbors. A site that occurs
on an edge of the study area will have fewer neighbors.
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Chapter 2

SPATIAL OCCUPANCY MODELS FOR ATLAS DATA:
WITH APPLICATION TO THE

SOUTHERN GROUND HORNBILL

2.1 Introduction

Predicting species occurrences and investigating species-habitat associations are cen-

tral questions in ecology, and knowing species’ distributions is important to managing

species and conserving biodiversity (Block and Brennan, 1993; Jones, 2001; Austin,

2002; Schaefer and Krohn, 2002; Zabel et al., 2002; MacKenzie et al., 2006). For

example, management plans for endangered species are based on habitat use (Zabel

et al., 2002), and IUCN Red List categories are based on analyses of area of occupancy

and extent of occupancy (IUCN, 2001).

Species occurrences and habitat associations are usually modeled with environ-

mental variables, dating back to at least Grinnell (1917). Over time, the qualitative

descriptions that correlate species’ distributions with their environment have given

way to quantitative analysis and a huge variety of models have been developed and

used for this aim (Guisan and Zimmermann, 2000; Scott et al., 2002). One type

of data that appears often in these analyses is presence-absence data, where the

detection/non-detection of the species of interest is recorded along with environmen-

tal variables and other relative information about the survey and site. This type

of data has often been studied with logistic regression to predict species occurrence

(Guisan and Zimmermann, 2000; Scott et al., 2002).

Because the logistic regression cannot account for the possibility of a species being

present but not seen, it will usually provide biased estimates of species occurrence
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and species-habitat relationships (Tyre et al., 2003; Altwegg et al., 2008; Kéry et al.,

2010). In 2002, MacKenzie et al. developed an approach, termed occupancy modeling,

which became the new standard for estimating species occurrences while accounting

for detection errors. The occupancy model accounts for detection- nondetection in

two stages: one component that models true occupancy, and another component that

models detection, given that the species occurs at the site.

The occupancy model is often applied to data sets where it is known at the onset

that sites are not independent. For example, sites are not chosen randomly, sites

are adjacent, and/or the species’ territory is larger than the space between the sites.

When non-independence is ignored, standard errors may be underestimated, leading

to incorrect model-selection and incorrect conclusions on species-habitat associations

(Latimer et al., 2006).

For many studies and data sets, adding spatial autocorrelation is a needed improve-

ment to the occupancy model. For point data, one would use geostatistical methods

such as kriging to incorporate spatial autocorrelation (Cressie and Wikle, 2011). For

areal data, spatial autocorrelation is commonly incorporated in models of occurrence

through an intrinsic conditional autoregressive (ICAR) random effect (Banerjee et al.,

2004; Cressie and Wikle, 2011). The ICAR variable has intuitive appeal and can read-

ily be incorporated into a hierarchical model and then estimated with general MCMC

methods within a Bayesian framework. Among the ICAR model’s disadvantages is

that it is computationally intensive and it may bias the covariat estimates and stan-

dard errors (Hodges and Reich, 2010; Hughes and Haran, 2010). To eliminate the

bias arising from the correlations between the fixed effects of interest and the residual

spatial autocorrelation, Hodges and Reich (2010) replaced the ICAR random effect

with a random effect that is orthogonal to (and therefore uncorrelated with) the fixed

effects, a model they called restricted spatial regression (RSR). Hughes and Haran

(2010) expanded their work by using dimension reduction on this orthogonal spatial

effect to reduce the computation time.
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In 2013, Johnson et al. introduced the RSR models in the context of occupancy

models. Here we further refine the capabilities of these models, guide the reader

through their implementation, and provide a more in-depth comparison to the tra-

ditional, nonspatial occupancy model and an ICAR spatial occupancy model. Our

work broadens the appeal of the RSR by demonstrating its added effectiveness for

complex data sets with sparse detections.

We apply the models to the Southern ground hornbill (Bucorvus leadbeat-

eri) with data collected through the Southern African Bird Atlas Project

(http://sabap2.adu.org.za/). The ground hornbill is the largest of the hornbill family,

is the only entirely carnivorous hornbill, and with males measuring 90-130 cm long

and 4.2 kg, is one of the largest carnivorous avian species in Africa (Knight, 1990;

Hockey et al., 2005). It is an easily identifiable bird that is widespread through-

out southern Africa, but its expansive territory sizes exceeding 100 km2 lead to low

densities (Harrison et al., 1997b). Because it is uncommon, moves through thick veg-

etation, and traverses multiple private farms with inaccessible lands (Theron, 2011),

detections tend to be low and the need for occupancy models is particularly acute.

In 2010, the IUCN listed the species as “Vulnerable” throughout its range because

its abundance had decreased considerably outside protected areas when compared to

historical distributions (Hulley and Craig, 2007; BirdLife International, 2012). Many

biologists believe that the ground hornbill should be re-classified as “Endangered” or

“Critically Endangered” within South Africa because declines have been especially

high at this most southern end of its range (Theron, 2011). But with limited re-

sources to study it, little is known about the ground hornbill, including its habitat

preferences and where exactly it occurs (Theron, 2011). This lack of data and lack of

understanding of the causes of the hornbill’s decline are the key conservation issues

associated with the ground hornbill (Morrison et al., 2005).

Our study quantified the habitat requirements of the ground hornbill and assessed

the role of protected areas for the persistence of this species. The spatial occupancy
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models, and in particular the one with the RSR addition, produced a model with a

better fit to the ground hornbill data than the previous models and thus can help

guide managers on the importance of protected lands and possible reintroductions of

this species. The example can be extended to any other species that occurs in South

Africa using the same database, to any other atlas project, or to any presence-absence

data that are collected on areal units.

2.2 Methods

2.2.1 Data

The second Southern African Bird Atlas Project (SABAP 2) is a database of

bird lists collected by volunteer birders, called “citizen scientists”, following a

strict protocol and using gridded locations throughout South Africa (found at

http://sabap2.adu.org.za/; Greenwood (2007)). It is a record of detection/non-

detection data for every bird species occurring in South Africa from June 2007 to

present. The gridded sites are 5-minute latitude by 5-minute longitude rectangular

cells (Harebottle et al., 2007). Each site is approximately 8 x 7.6 km, and while this

size varies slightly due to the curvature of the earth, the change within South Africa is

not very large and all units will be assumed to be of the same size. There are 17,444 of

these lattice-structured grid cells covering all of South Africa (Harebottle et al., 2007).

Each bird list that is collected represents one survey of one site: non-detection records

are deduced by a species’ absence from the checklist. Bird lists are collected during

a minimum observation time period of two hours of intense birding over a maximum

of five days, where many hours can be spent only passively birding. For each survey,

two measures of effort are recorded: the number of hours spent intensively birding

and the total number of hours that the checklist included. As of April 18, 2012, 1,028

volunteers had submitted 68,529 surveys and 60% of all of the gridded sites in South

Africa had been surveyed (http://sabap2.adu.org.za/).
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In South Africa the ground hornbill’s range is restricted to the eastern side of

the country, with the predominant detections occurring in Kruger National Park

and a second cluster of detections occurring in the southeast part of the country

(Figure 2.1). It resides in grassland, woodland and savannah habitats, and lives in

co-operative breeding groups whose territory sizes are more than 100 km2 (Kemp

and Kemp, 1980; Vernon, 1986). The territories are determined by nesting sites and

food resources: other factors do not seem to influence the distribution and spacing

of territories (Theron, 2011). Note that this territory size is much larger than an

atlas site; therefore occupancies cannot occur in isolation, and accounting for positive

spatial autocorrelation is essential for this species and data set.

The ground hornbill is a resident with fixed territories and little to no seasonal

migrations (Kemp and Begg, 1996). Every 2-3 years, one chick is raised within a

breeding group; the chick then stays on as a helper to the group until age 3-5 years

(Theron, 2011). The dispersal and survival of the sub-adults when they leave the

breeding group is poorly understood (Theron, 2011). Because of their long life cycle,

we considered the SABAP 2 data as a closed period, i.e., we assume that the species

did not go extinct and did not colonize new grid cells between July 2007 and Decem-

ber 2011, the period considered here. This wide temporal scale leads to a broader

interpretation of the meaning of occupancy for this species and possibly elevated

occupancy rates, but it is in line with the stability and longevity of the family groups.

From the few studies that have been conducted on the ground hornbill, no pat-

terns between its movements and landscape feature have been found and the ground

hornbill habitat requirements are poorly understood (Theron, 2011). There is some

speculation that grazing degrades the land and may negatively affect the ground horn-

bill, but no quantitative analyses have been completed to support or refute the claims

(Theron, 2011).

Although some detections of the ground hornbill were recorded more inland, the

sites considered in this paper are the two core areas of its range (Figure 2.1). The
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southern region extends eastward from 29.2◦ longitude and the northern region ex-

tends eastward from 30.7◦. There are 2,131 sites of which 205 had at least one ground

hornbill detection by 31 December 2011. The sites included in this study were sur-

veyed a median of 3 times; 279 sites were surveyed zero times, 465 sites were surveyed

one time, and one site was surveyed a total of 375 times.

The occupancy model and spatial occupancy model both allow unequal sampling

of sites by treating each survey as an independent Bernoulli trial, which implicitly

gives more weight to the sites that were visited more often, and consequently gives

more weight to the values of their site-specific covariates. In order to limit the effect of

the unequal samples, we randomly chose 50 surveys from each of the 53 sites that had

more than this number of surveys. Choosing 50 surveys was a compromise between

using as much data as possible and minimizing the impact of the unequal sampling.

Using a subset of the data allowed us to test model robustness and models with fewer

and with more surveys were fit, and results were comparable.

Independent variables were incorporated in the models to find relationships be-

tween environmental factors, survey-specific details, and the occupancy and detec-

tion probabilities. For both components of the model we considered the following

site-specific variables: the proportion of the site that was each major vegetation type

(grassland, savannah, Indian Ocean Coastal Belt, and forests for this region of South

Africa, i.e., biomes as defined by Mucina and Rutherford 2006); the proportion of the

site that was cropland (Ramankutty et al., 2010a); proportion of the site that was

pastureland (Ramankutty et al., 2010b); proportion of the site that was in a protected

area such as a national park, national forest or game reserve (Rouget et al., 2004); the

logarithm of the human population per square kilometer; and an indicator variable of

whether a major river, defined as a Strahler stream order 5, ran through the site (Sil-

berbauer, 2007). All the covariate data were originally at a higher spatial resolution

than the bird surveys; therefore we aggregated it into the sites by taking the area (in

km2) or sum (for the population variable) of the variable of interest divided by the
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area of the site, using ArcGIS, Version 10.0. (ESRI, 2011).

The effect of survey-specific variables on the detection probabilities were also con-

sidered: year as a continuous variable (with year 2007 = year 1); year as a factor; effort

measured as log-intensive hours; effort measured as log-total hours; total number of

species that were seen on each survey (standardized); day-of-year (standardized); and

(standardized) day-of-year squared, as there may be a peak in detection relating to

seasonal changes or breeding season. Year was considered as a continuous variable to

see if there was a trend in detection over time and it was separately considered as a

factor to be a proxy for changes in annual rainfall. The survey-specific variables were

standardized as described above for easier comparisons between coefficients and for

numerical reasons.

2.2.2 Models

Occupancy Model. Detailed descriptions of this model can be found in MacKenzie

et al. (2006) or Royle and Dorazio (2008). Below, the state-space formulation used

with a Bayesian framework, first introduced by Royle and Kéry (2007), is outlined

because it can incorporate the spatial autocorrelation component that is added in the

following section.

Let z = {z1, . . . , zn} be the true occupancies of the n sampled sites. For site i,

zi ∼ Bernoulli (ψi) (2.1)

where ψi is the probability of occupancy, so zi = 1 if the site is occupied and zi = 0

if the site is not occupied. The site-specific covariates (xi) that may affect occupancy

are incorporated into an expression for the probability of occupancy with a logistic

equation:
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probit (ψi) = xT
i γ (2.2)

where xT
i is a vector of the independent variables and γ is the vector of regression

coefficients. Let Y = {yi,j} be the data, the observed detections of the J surveys for

each of the n sampled sites. For survey j of site i,

yi,j|zi ∼ Bernoulli (zipi,j) (2.3)

where pi,j is the probability of detecting the species. If the site is not occupied,

zi = 0, and the probability of detecting the species is 0. Site-specific and survey-

specific variables that affect detection probability are incorporated through a link

function, as with the occupancy probability:

probit (pi,j) = xT
i,jβ (2.4)

Note that the same site-specific variables may be in both the occupancy and

detection probability functions. For both ψi and pi,j, other link functions are possible,

but the probit link was used because of its computational efficiency (Johnson et al.,

2013).

We first fit the model under a maximum likelihood framework with the “un-

marked” package in R (Fiske and Chandler, 2011). The best model was chosen using

forward model selection based on p-values from z-tests. We then fit Bayesian ver-

sions of the selected models with the “stocc” package in R (Johnson, 2013) for a

direct comparison with the spatial occupancy models, which were also analyzed using

a Bayesian framework and fit with the “stocc” package. They were run for 40,000
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iterations with a burn-in of 10,000 iterations. Every 5th sample was retained for a

total posterior sample of 6,000 iterations.

First spatial occupancy model (intrinsic conditional autoregressive, ICAR).

Several authors have used spatial occupancy models by adding a CAR-process ran-

dom effect, η, in the occupancy probability function (e.g., Högmander and Møller

(1995); Sargeant et al. (2005); Magoun et al. (2007)). One way to incorporate the

CAR-process random effect would be to augment Equation 2.2 as follows:

probit (ψi) = xT
i γ + ηi (2.5)

ηi|η−i ∼ Normal

(∑
wikηik
|n(i)|

,
σ2

|n(i)|

)
(2.6)

The distribution of the CAR-process variable, η, is conditional on its value in the

other cells, a vector labeled above as η−1. The expected value of the CAR-variable

at a given site is an average of the values of the CAR variables of its neighbors. For

our data with its lattice-structure, we used the weights wi,k = 1 if cell k is adjacent or

diagonal to site i, and 0 otherwise. The number of neighbors that site i has is |n(i)|,

and it is used to weight the variance for each site. Most sites have 8 neighbors but

edges have fewer.

The intrinsic CAR model (Equation 2.6) is improper and may not be written as

a full, joint probability model but the set of conditional distributions may be used as

a prior model to obtain a proper posterior. For more details on the CAR model, the

reader is referred to Cressie and Wikle (2011). This model can be fit using WinBUGs

(Lunn et al., 2000); see e.g., (Yackulic et al., 2011).

We instead ran the model using the “stocc” package in R, package version 1.0-

5 (Johnson, 2013) to directly compare the ICAR with the RSR model results. By

writing Equation 2.6 in matrix form, our spatial occupancy model may be written as
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follows:

zi ∼ Bernoulli (ψi)

probit (ψi) = xT
i γ + i

η ∼ Normal (0, τ−1Q−1)

yij|zi ∼ Bernoulli (zipij)

probit (pij) = xT
ijβ

(2.7)

where τ is the inverse of the variance, i.e., τ = 1
σ2 . Q is a precision matrix with

elements:

Qik =


−1 if i 6= k and i and k are neighbors

0 if i 6= k and i and k are not neighbors

|n(i)| if i = k

(2.8)

In Equation 2.7, the CAR-process variable is written as a full, improper prior

distribution, which is equivalent to the set of conditional priors of Equation 2.6. The

“stocc” package samples from the joint distribution (Equation 2.7), while WinBUGS

would sample from the conditional distributions (Equation 2.6) to obtain the posterior

distributions. Although “stocc” and WinBUGS use different sampling algorithms, the

results would be similar using either software option. The advantage of sampling from

the joint distribution is that the algorithm is faster than when one uses the conditional

distributions.

The parameters were assigned the following priors:
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γ ∼ Normal
(
0,Q−1γ

)
β ∼ Normal (0,∞)

τ ∼ Gamma (0.5, 0.0005)

(2.9)

where Qγ = XTX/N and N is the number of sites. These priors were chosen for the

the γ coefficients because they made the model run faster than flat priors but did

not seem to affect the posterior distributions. The prior for the spatial parameter, τ ,

followed the recommendation by Kelsall and Wakefield (1999).

Because of the slower run-time (see Results section), full, forward model selection

was not completed for the spatial occupancy models. Instead, we fit a model with the

same parameters as the best nonspatial occupancy model. Two more parsimonious

models were also fit because the addition of the spatial effects made some previ-

ously significant covariates become nonsignificant with 95% credible intervals that

overlapped 0. 6,000 iterations were retained for the posterior distribution (a total

of 40,000 iterations were run with a thinning rate of 5), and the first 2,000 of the

retained iterations were discarded as the burn-in.

Second spatial occupancy model (restricted spatial regression, RSR). We

also analyzed the data using a restricted spatial regression (RSR) adaptation to the

ICAR model. This method is described in Hughes and Haran (2010) and Johnson

et al. (2013). The model is similar to Equation 2.7 but now η is replaced by Kα. K

is a subset of the eigenvectors for what is known as the Moran operator matrix:

Ω =
NP⊥AP⊥

sum(A)
(2.10)

where A is an adjacency matrix with elements:
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aik =

 1 if i 6= k and i and k are neighbors

0 otherwise
(2.11)

and

P⊥ = I−X
(
XTX

)−1
XT (2.12)

is the projection matrix (Hughes and Haran, 2010). The Moran operator matrix may

be used to form a general version of the Moran’s I statistic. The eigenvalues of the

operator matrix determine the distribution for the Moran’s I statistic (Boots and

Tiefelsdorf, 2000). Let:

α ∼ Normal
(
0, τ−1

(
KTQK

)−1)
(2.13)

where Q is the ICAR precision matrix as above (Equation 2.8). Note that if K is a

matrix of all possible eigenvectors, the RSR model reverts back to the ICAR model.

The dimension of K, i.e., the number of eigenvectors to include in the model, is set

by the user. In our models, we included a restriction to 400 eigenvectors, which is 1/4

of the number of surveyed sites, and a more restricted model with 160 eigenvectors,

which is 1/10 of the number of surveyed sites and is the default restriction suggested

by Hughes and Haran (2010). For the rest of the paper, we refer to the restrictions

as the number of columns of K that are included. Table 2.1 summarizes the models

that were fit.

Table 2.1 summarizes the models that were fit. As a reminder, there were four

model structures that we compared: the nonspatial model, the ICAR model, the RSR
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model restricted to 400 eigenvectors, and the RSR model restricted to 160 eigenvec-

tors. For each model structure, the results from three sets of detection covariates were

tested and compared. A Full model that included all covariates that were significant

at the p = 0.05 level when added using forward model selection and likelihood-based

inference; a Middle model that removed the detection covariates that were marginally

significant; and a Limited model that only included the two most significant detection

covariates.

Model Selection Criteria. The models were compared using three different statis-

tics, one of which was the posterior predictive loss criterion (PPLC) (Gelfand and

Ghosh, 1998). Similar to other model selection criteria, it is a combination of a

goodness-of-fit measure and a penalty for over-fitted models. Because it is unknown

how well the PPLC would perform for hierarchical models, two other model selection

criteria were implemented to determine the best fitting model. Similar to Moore and

Swihart (2005), an area under the curve (AUC) statistic was calculated using the

median occurrences, the ẑi’s from Equation 2.7, outputted from the model and then

analyzed with the “ROCR” package in R (Sing et al., 2007). If the species has been

detected at a site, then its occurrence is known and ẑi = 1 for that site. At the sites

where the species was not detected, the true occurrences are not known. Because

the AUC statistics is dependent on prediction of these unknown values, this statis-

tic should be interpreted carefully. We created a third statistic that we called the

“absolute psi conditional” (APC) to see how model estimates compared when true

detection histories were taken into account:

APC =
1

n

n∑
i=1

|ψ̂i − ψ̂conditional,i| (2.14)

As before, n is the number of sites, the ψ̂i’s are the chosen model’s predicted
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occupancy probabilities, and the ψ̂conditional,i’s are the realized occupancy probabilities

that take the detection histories into account. If the species was detected at a site,

ψ̂conditional,i = 1 for that site. If the species was not detected, then the probability

represents the fraction of the MCMC iterations where the model estimates that the

site was occupied and ẑi = 1.

2.3 Results

For the nonspatial occupancy model, the following variables significantly affected

detection: number of species on checklist, proportion of cropland, proportion of pro-

tected area, number of hours spent intensively birding, proportion of savannah, and

the day-of-year of the survey (Table 2.2). Only the proportion of protected area sig-

nificantly affected occupancy. The models that include all of these covariates are the

“Full” models. Occupancy probabilities ranged from 0.178 to 0.787.

Savannah and day-of-year were only marginally significant, so a more parsimonious

model that excluded these predictors, a “Middle” model, was also run; the resulting

parameter estimates were similar to the Full model (Table 2.2). In order to test

the effect of the potential confounding relating to the proportion of protected area

affecting both detection and occupancy, a third model, the “Limited” model, was fit

with only detection probability covariates that were more significant than protected

area: the number of species on the checklist and the proportion of cropland. The

parameter estimates were different from the models with more covariates (Table 2.2)

but they resulted in a similar pattern of predicted occupancy probabilities (Figure

2.2).

The ICAR models resulted in similar patterns and estimates as the three Bayesian

nonspatial models described above (Table 2.3). Each ICAR model took over 19 hours

to run and the posterior plots had high correlations between iterations.

The RSR models produced two types of results– some were similar to the non-

spatial and ICAR models described above and others picked up more residual spatial



33

autocorrelation and produced different results (Figure 2.3). The Full RSR-400, Mid-

dle RSR-400, Middle RSR-160, and Limited RSR-160 models were the ones that

produced results similar to the nonspatial and ICAR models (Table 2.4). The Lim-

ited RSR-400 and Full RSR-160 models picked up the residual spatial autocorrelation

and produced substantially different results and a substantially different range map

(Figure 2.3). When restricted to 400 columns, each RSR model took 1–2 hours to

run; when restricted to 160 columns, each model took slightly less than 1 hour to run.

All three model selection criteria chose the RSR models as the best-fitting. In

particular, the PPLC model selection criterion picked the Full RSR-160 model, with

the Limited RSR-400 model, as a close second. The AUC and the APC model selection

criteria both switched the best and second-best order, and picked the Limited RSR-

400 model as the best fitting with the Full RSR-160 being a close second (Table 2.1).

Because the best model choice between the Limited RSR-400 model and the Full

RSR-160 was ambiguous, we will focus our discussions on the Full RSR-160 model.

2.4 Discussion

Neither the nonspatial nor the ICAR occupancy model produced range maps that

truly reflected the ground hornbill detections. Because no covariates other than pro-

tected area affected occupancy, these models had dichotomous occupancy predictions,

with high occupancy probabilities within a protected area (ψ̂ = 0.79) and a lower oc-

cupancy probability of ψ̂ = 0.18 everywhere else. These models were unable to predict

the ground hornbill occurrences in the southern region, as can be seen by comparing

Figures 2.1 and 2.2.

In addition to not being able to differentiate between sites where the ground

hornbill did and did not occur, these models did not reproduce the spatial patterns

that the ground hornbill distribution likely exhibits. Since the territory of a ground

hornbill group is larger than a site’s area, a detection at a site should cause the

neighboring sites to have elevated occupancy probabilities. This was not the case
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produced from these models. Instead, maps of the realized occupancies, which are

the probabilities of the ground hornbill occupying a site given the detection history

of the previous surveys of the site, show many isolated detections of ground hornbill

in areas where the expectation of finding them is very low (Appendix, Figure A.2).

In addition, the ICAR’s long run time (over 20 hours) minimized the model testing

that was feasible.

The RSR model used the eigenvectors of the Moran operator matrix to reduce the

dimensionality of the covariance matrix and make the spatial process orthogonal to

the covariate matrix, which decreased its computation time and removed the collinear-

ity between parameters. These two differences from the ICAR model enabled it to

uncover the residual spatial autocorrelation in the southern area that better captured

the ground hornbill’s presence in this part of its range (Figure 2.3). The restriction to

160 columns, which was 1/10 of the possible eigenvectors as recommended by Hughes

and Haran (2010), did not appear to have drawbacks, but rather was beneficial as it

uncovered the spatial correlation that was seen in the raw data and expected by the

ground hornbill’s biology, but not captured by the other models.

As with all smoothing techniques, the desired level of smoothing– equivalent here

to the most appropriate level of restriction– is up to the researcher. The models

are not particularly sensitive to the exact cut-off for the number of eigenvectors,

but the maps gradually become smoother as the number of eigenvectors is decreased.

Conversely, if all eigenvectors were included, then the RSR model would be equivalent

to the ICAR model. From simulation runs not shown here, we found a minimum of

150 eigenvectors and a maximum of 500 eigenvectors to be appropriate, even for data

sets with as many as 10,000 sites.

All three model selection criteria picked the RSR models as the best-fitting, which

matched the visual inspections of the predicted occupancy maps. The PPLC statistic

was used by Johnson et al. (2013), but has otherwise not been applied in an occupancy

model framework. For the ground hornbill data, the statistic did closely match the
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models selected by the other two criteria and the visual inspection of the maps.

Within a specific model structure, the PPLC tended to have the lowest value for the

model with the most parameters and the highest value for the most parsimonious

models, suggesting potential bias towards over-fitting the models. It should also be

noted that because the statistic tries to take into account model complexity, its value

is dependent on the model structure and therefore it cannot be concluded that the

PPLC can be used to choose between an ICAR and RSR model. Also, the PPLC is

supposed to be used similarly to AIC, to pick between models, but its value does not

quantify whether the model actually fits the data.

The AUC statistic was very close to 1 for all models. In an occupancy model

framework, the responses are not known for all sites– some occupancies (i.e., the

responses) are predicted by the model. Therefore, the AUC statistic is essentially

testing whether we correctly predicted our predictions, and hence its tendency to be

close to 1. Nevertheless, its model selection matched that of the APC statistic.

Similar to the AUC statistic, the APC model selection criterion tried to test how

well our predictions matched the data albeit for the APC statistic, the detection

histories of each site were taken into account in its calculations. Since predictive

occupancy maps are generally drawn for the same area from which the surveying was

conducted, it makes sense to include the detection histories when assessing model fit.

Similar to the PPLC statistic, most of the models had very similar APC statistics

but the Limited RSR-400 and the Full RSR-160 had much lower values, matching the

model selection of the other two criteria. We believe that APC has future value in

assessing model fit for occupancy models, whether they be spatial in nature or not.

An advantage that it has over PPLC is that its value helps with model selection and

assesses model fit– the researcher would want the APC statistic to be as close to 0 as

possible. A disadvantage of the APC is that it does not test whether a less complex

model would fit the data equally well.

Beyond comparing the ICAR and RSR models, our analysis provided quantitative
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evidence of the importance of protected areas to the ground hornbill. The coefficient

associated with protected areas was much larger for the RSR model (2.46, SE = 0.522,

Table 2.5) than for the nonspatial and ICAR occupancy models (1.75, SE = 0.192,

Tables 2.2 and 2.3), suggesting that a protected area has a greater effect on occupancy

than the other models realized.

Whether trying to distinguish between savannah and grassland biome preferences,

or determining the influence of land development by looking at whether a site was crop

or pasture land, none of these habitat variables came close to significantly affecting

the occupancy probabilities of the ground hornbill. This result suggests that there is

an inherent resource benefit on the protected areas, or it could signify that the ground

hornbill’s decline on unprotected lands is not related to food resources, but to other

causes that have been proposed: poisoning, persecution for breaking windows, loss of

nesting sites, or collisions with power lines (Morrison et al., 2005; Theron, 2011).

Several covariates affected the detection probabilities. The number of species on

a checklist can be interpreted as the observer’s skill– more species on a list increases

detection probabilities because it indicates that the observer is able to identify more

species. The number of hours spent birding also positively influenced the detection

probabilities: the more effort that is put into the survey, the more likely one is to see

an elusive bird such as the ground hornbill. Being on a protected area increased the

detection probabilities, which may be a reflection of observer bias. Because birders

know that ground hornbill populations are healthy on protected areas, they may be

more ready to spot and identify a hornbill than when they are on private lands and

have no such expectations. Cropland decreased detection probabilities, which may

be a reflection of limited access to private farms or low detectability between crops.

Savannah vegetation may similarly lower detection due to thick vegetation.

Our results highlighted future survey needs: note that the most southern tip of

the data set had very few surveys conducted, with most sites visited 0 or 1 time

(Appendix, Figure A.1). The relatively high, predicted occupancy probabilities seen
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in the Full RSR model (Figure 2.3) show potential for previously undetected ground

hornbill territories in this area. These predicted occurrences correspond well with

area where ground hornbills were found during the first Southern African Bird Atlas

Project, conducted between 1987 and 1992 (Harrison et al., 1997b).

2.5 Conclusion

We find the RSR models to be a good alternative to ICAR, are easily implemented in

R, and produce estimates in a fraction of the time. These models are new and need to

be explored further through simulations and applications to obtain guidelines on their

use, but our analyses shows them to be very promising when applied to occupancy

models. Our data set had 2100 sites; the RSR method and the “stocc” package make

a spatial occupancy model analysis feasible for even larger data sets.

The Southern ground hornbill example demonstrates how the RSR model can

produce a better fit than the traditional, nonspatial and ICAR occupancy models,

neither of which produced results that fit against the known detections. The RSR

model can be used on any presence-absence data set consisting of neighboring sites.

The SABAP 2 database alone has this type of data on the 800+ species that occur

in South Africa and similar atlas data has been collected at a range of spatial scales

in countries all over the world. A spatial occupancy model is the appropriate method

to analyze this gridded data and the RSR model may be the best version of these

methods.

For the Southern ground hornbill, local conservation groups reiterate the need

for more scientific data on its biological and ecological needs (Morrison et al., 2005).

Our range maps highlight the southernmost portion of the data set as an area with

potential for high occupancies. Future SABAP 2 efforts should focus on surveying

this area to see whether these high predicted occupancies are true. Alternatively, the

results repeatedly conclude that the Southern ground hornbills are found primarily

in protected areas; therefore our work provides quantitative support of the value of
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protected areas to the ground hornbill. It also reinforces findings of previous studies

that the ground hornbill is otherwise a diet generalist (Theron, 2011). Its decline

outside protected areas is likely not due to a lack of native vegetation but to the other

reasons that have been proposed: loss of nesting sites, poisoning, and prosecution.

Future resources should focus on remediating these issues.

We note that our data set only covers a small portion of the Southern ground

hornbill’s distribution in Africa. Therefore our conclusions on the species-habitat

associations are limited to this area and further analyses should be run to determine

if the relationships hold for the rest of its range.
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Table 2.1: A summary of the models that were fit to the

ground hornbill data from the Southern African Bird At-

las Project and compared within the article, with their

detection and occupancy covariates, and three model

selection criteria: the fitted models’ minimum poste-

rior predictive loss (PPLC), an area under the ROC

statistic (AUC), and a comparison of predicted and con-

ditional occupancy probability estimates (APC). The

PPLC picked the Full RSR-160 model as best fitting and

the other two model criteria slightly favored the Limited

RSR-400 model. The names “Full”, “Middle”, and “Lim-

ited” are to distinguish between similar models that were

fit using the same methods.

Model Detection

Covariates

Occupancy

Covariates

PPLC AUC APC

Full

Nonspatial

NSPPa +

CROPb +

PROTECTEDc

+ INTENSIVE d

+ SAVe + DAYf

+ DAY2g

PROTECTED 923.4 0.935 0.077

Middle

Nonspatial

NSPP + CROP

+ PROTECTED

+ INTENSIVE

PROTECTED 923.5 0.935 0.077

Continued on next page
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Table 2.1 (continued)

Model Detection

Covariates

Occupancy

Covariates

PPLC AUC APC

Limited

Nonspatial

NSPP + CROP PROTECTED 926.8 0.94 0.075

Full ICAR NSPP + CROP

+ PROTECTED

+ INTENSIVE

+ SAV + DAY

+ DAY2

PROTECTED 922.9 0.956 0.077

Middle

ICAR

NSPP + CROP

+ PPRO-

TECTED +

INTENSIVE

PROTECTED 923.6 0.938 0.077

Limited

ICAR

NSPP + CROP PROTECTED 926.2 0.951 0.075

Full

RSR-400

NSPP + CROP

+ PROTECTED

+ INTENSIVE

+ SAV + DAY

+ DAY2

PROTECTED 923.5 0.947 0.077

Middle

RSR-400

NSPP + CROP

+ PROTECTED

+ INTENSIVE

PROTECTED 923.2 0.956 0.077

Limited

RSR-400

NSPP + CROP PROTECTED 906.7 0.998 0.036

Continued on next page
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Table 2.1 (continued)

Model Detection

Covariates

Occupancy

Covariates

PPLC AUC APC

Full

RSR-160

NSPP + CROP

+ PROTECTED

+ INTENSIVE

+ SAV + DAY

+ DAY2

PROTECTED 905.8 0.987 0.048

Middle

RSR-160

NSPP + CROP

+ PROTECTED

+ INTENSIVE

PROTECTED 923.4 0.947 0.077

Limited

RSR-160

NSPP + CROP PROTECTED 926.5 0.948 0.075

aNSPP = number of species seen on the survey

bCROP = proportion of the site that was cropland

cPROTECTED = proportion of site that was protected lands such as a National Park

dINTENSIVE = number of hours spent intensively birding

eSAV = proportion of the site that was savannah vegetation

fDAY = standardized day of year

gDAY2 = standardized day of year squared
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Table 2.2: The parameter estimates, standard errors, and 95% credible intervals from
the nonspatial occupancy models on the Southern ground hornbill data. a.) The
Limited model with only two covariates affecting detection. b.) The Middle model
which has more detection covariates. c.) The Full set of detection covariates. See
Table 2.1 for definitions of the symbols.

c.) Limited nonspatial model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -1.16 0.084 (-1.34, -1.01)
PROTECTED 2.13 0.186 (1.80, 2.53)

Detection (probit-scale):

(Intercept) 1.01 0.038 (-1.09, -0.94)
NSPP 0.29 0.024 (0.25, 0.34)
CROP -1.2 0.243 (-1.71, -0.76)

b.) Middle nonspatial model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -0.95 0.105 (-1.12, -0.70)
PROTECTED 1.69 0.189 (1.38, 2.12)

Detection (probit-scale):

(Intercept) -1.46 0.088 (-1.62, -1.28)
NSPP 0.25 0.028 (0.20, 0.30)
CROP -0.58 0.273 (-1.11, -0.03)
PROTECTED 0.52 0.088 (0.31, 0.66)
INTENSIVE 0.08 0.028 (0.03, 0.14)

a.) Full nonspatial model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -0.92 0.107 (-1.15, -0.72)
PROTECTED 1.75 0.192 (1.36, 2.11)

Detection (probit-scale):

(Intercept) -1.49 0.104 (-1.68, -1.28)
NSPP 0.24 0.029 (0.19, 0.30)
CROP -0.57 0.277 (-1.13, -0.05)
PROTECTED 0.48 0.12 (0.28, 0.74)
INTENSIVE 0.09 0.027 (0.04, 0.14)
SAV -0.02 0.118 (-0.27, 0.19)
DAY -0.02 0.026 (-0.07, 0.03)
DAY2 0.05 0.03 (-0.01, 0.11)
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Table 2.3: The parameter estimates, standard errors, and 95% credible intervals from
the ICAR occupancy models on the Southern ground hornbill data. a.) The Limited
model with only two covariates affecting detection. b.) The Middle model which has
more detection covariates. c.) The Full set of detection covariates. See Table 2.1 for
definitions of the symbols.

a.) Limited ICAR model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -1.18 0.083 (-1.33, -1.01)
PROTECTED 2.15 0.184 (1.80, 2.51)

Detection (probit-scale):

(Intercept) -1.01 0.038 (-1.08, -0.93)
NSPP 0.3 0.024 (0.25, 0.34)
CROP -1.24 0.244 (-1.73, -0.77)

b.) Middle ICAR model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -0.92 0.104 (-1.14, -0.73)
PROTECTED 1.76 0.192 (1.37, 2.12)

Detection (probit-scale):

(Intercept) -1.44 0.088 (-1.62, -1.27)
NSPP 0.25 0.028 (0.19, 0.30)
CROP -0.62 0.273 (-1.10, -0.04)
PROTECTED 0.48 0.089 (0.32, 0.67)
INTENSIVE 0.08 0.027 (0.03, 0.14)

c.) Full ICAR model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -0.94 0.106 (-1.13, -0.72)
PROTECTED 1.7 0.192 (1.33, 2.08)

Detection (probit-scale):

(Intercept) -1.46 0.101 (-1.68, -1.29)
NSPP 0.24 0.029 (0.18, 0.30)
CROP -0.57 0.27 (-1.12, -0.06)
PROTECTED 0.52 0.121 (0.28, 0.75)
INTENSIVE 0.09 0.027 (0.04, 0.14)
SAV -0.04 0.12 (-0.28, 0.18)
DAY -0.01 0.026 (-0.06, 0.03)
DAY2 0.05 0.03 (-0.01, 0.11)
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Table 2.4: The parameter estimates, standard errors, and 95% credible intervals from
the RSR occupancy models, restricted to 400 eigenvectors, on the Southern ground
hornbill data. a.) The Limited model with only two covariates affecting detection. b.)
The Middle model which has more detection covariates. c.) The Full set of detection
covariates. See Table 2.1 for definitions of the symbols.

a.) Limited RSR-400 model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -2.06 0.529 (-3.50, -1.54)
PROTECTED 3.94 1.029 (2.72, 6.52)

Detection (probit-scale):

(Intercept) -1.01 0.037 (-1.09, -0.95)
NSPP 0.3 0.023 (0.25, 0.34)
CROP -1.27 0.248 (-1.73, -0.76)

b.) Middle RSR-400 model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -0.91 0.109 (-1.12, -0.70)
PROTECTED 1.72 0.195 (1.36, 2.13)

Detection (probit-scale):

(Intercept) -1.45 0.088 (-1.63, -1.28)
NSPP 0.25 0.028 (0.20, 0.30)
CROP -0.64 0.271 (-1.11, -0.05)
PROTECTED 0.51 0.088 (0.33, 0.67)
INTENSIVE 0.09 0.028 (0.03, 0.14)

c.) Full RSR-400 model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -0.97 0.107 (-1.14, -0.72)
PROTECTED 1.71 0.193 (1.37, 2.12)

Detection (probit-scale):

(Intercept) -1.49 0.105 (-1.7, -1.29)
NSPP 0.25 0.029 (0.19, 0.30)
CROP -0.6 0.274 (-1.09, -0.02)
PROTECTED 0.49 0.119 (0.28, 0.74)
INTENSIVE 0.09 0.027 (0.03, 0.14)
SAV -0.04 0.118 (-0.26, 0.21)
DAY -0.02 0.026 (-0.07, 0.03)
DAY2 0.05 0.03 (-0.01, 0.11)
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Table 2.5: The parameter estimates, standard errors, and 95% credible intervals from
the RSR occupancy models, restricted to 160 eigenvectors, on the Southern ground
hornbill data. a.) The Limited model with only two covariates affecting detection. b.)
The Middle model which has more detection covariates. c.) The Full set of detection
covariates. See Table 2.1 for definitions of the symbols.

a.) Limited RSR-160 model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -1.16 0.081 (-1.33, -1.01)
PROTECTED 2.12 0.186 (1.78, 2.51)

Detection (probit-scale):

(Intercept) -1.01 0.038 (-1.08, -0.94)
NSPP 0.29 0.024 (0.25, 0.34)
CROP -1.24 0.245 (-1.71, -0.74)

b.) Middle RSR-160 model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -0.93 0.104 (-1.14, -0.73)
PROTECTED 1.76 0.187 (1.40, 2.14)

Detection (probit-scale):

(Intercept) -1.44 0.088 (-1.61, -1.27)
NSPP 0.25 0.027 (0.19, 0.30)
CROP -0.62 0.272 (-1.1, -0.04)
PROTECTED 0.49 0.089 (0.32, 0.66)
INTENSIVE 0.09 0.027 (0.03, 0.14)

c.) Full RSR-160 model

Mode SE 95% CI

Occupancy (probit-scale):

(Intercept) -1.23 0.213 (-1.76, -0.89)
PROTECTED 2.46 0.522 (1.72, 3.76)

Detection (probit-scale):

(Intercept) -1.48 0.106 (-1.69, -1.28)
NSPP 0.25 0.029 (0.19, 0.30)
CROP -0.6 0.279 (-1.17, -0.08)
PROTECTED 0.55 0.12 (0.30, 0.76)
INTENSIVE 0.09 0.027 (0.04, 0.15)
SAV -0.09 0.126 (-0.31, 0.18)
DAY -0.01 0.026 (-0.06, 0.04)
DAY2 0.04 0.03 (-0.01, 0.10)
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Figure 2.1: Our study region, which is the eastern side of South Africa. The dotted
line outlines the sites included in the analysis. The areas covered in a crosshatch
represent protected areas; the large protected area in the northern region is Kruger
National Park. The red squares represent sites where Southern ground hornbills were
detected on at least one survey of the Southern African Bird Atlas Project.
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Figure 2.2: Predicted occupancy probabilities of Southern ground hornbills in eastern
South Africa estimated by the ICAR model. The range maps for nonspatial occupancy
models had almost identical patterns. When compared to Figure 1, the model does
not fit the data well as there were several sites with detections in the southern region,
but the probabilities of occupancy for these sites are very low (< 0.20).
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Figure 2.3: Predicted occupancy probabilities of the Southern ground hornbill in
eastern South Africa for the Full RSR model, restricted to 160 columns. The southern
area has much higher probabilities of occupancy than Figure 2. The most southern
section has relatively high predicted occupancy probabilities; this area of the data set
had very few surveys.
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Chapter 3

A SIMULATION STUDY OF THE
RSR AND ICAR OCCUPANCY MODELS

3.1 Introduction

The collection of presence-absence data, or more correctly detection/non-detection

data, is popular in ecology because it is noninvasive and is less expensive to collect

than other methods (Royle and Dorazio, 2008). Our work focuses on the situation

where the detection/non-detection data are collected on a grid. In such studies,

surveys are conducted on units with area (as apposed to point counts or line transects)

and all species either seen or heard within those units are reported. The study may

be focused on a particular species and only report the presences of the one species,

or it may be a general study of all species present. Sometimes these studies record

counts of the species of interest and sometimes they only record the presence-absence

of the species. In this chapter, we assume that presence-absence data were collected,

or that the count data was collapsed into presence-absence data.

This grid study design is used often and is popular with atlases; for

example, two large such databases are the Southern African Bird Atlas

Project (SABAP, http://sabap2.adu.org.za/) and the Swiss Breeding Bird Atlas

(http://www.vogelwarte.ch/swiss-breeding-bird-atlas.html). In addition, this type of

data occurs in other fields such as disease mapping or image processing, where similar

issues of non-detection and spatial autocorrelation must be resolved.

To deal with the issue of non-detection for such binary data, occupancy models

are widely used within ecology to estimate probabilities of occurrence, given the fact

that the species of interest may be present but go undetected during a survey. As of
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20 December 2012, the seminal MacKenzie et al. (2002) paper that introduced the

occupancy model has been cited at least 1,117 times; their follow-up book, MacKenzie

et al. (2006) has been cited 915 times; and the related Royle and Dorazio (2008) book

has been cited 182 times (Google Scholar Search).

Only a few of the papers that address imperfect detection have also addressed the

inclusion of spatial autocorrelation (e.g., Bierman et al. (2010); Hines et al. (2010);

Johnson et al. (2013); Moore and Swihart (2005); Sargeant et al. (2005)). (Positive)

spatial autocorrelation is the notion that sites that are next to or near each other are

likely to be more similar than sites that are farther apart. If one does not account for

spatial autocorrelation between sites, then parameter standard errors are underesti-

mated, the significance of parameters is inflated, and the wrong model will be chosen

as the best-fitting (Dormann et al., 2007). In addition, ignoring the residual spa-

tial autocorrelation removes meaningful information; the fact that neighboring sites

will be more alike than two randomly sampled sites can be used to improve model

prediction (Latimer et al., 2006).

When data are collected on areal units or on a grid, spatial autocorrelation is

usually incorporated into models as a conditional autoregressive (CAR) variable, and

more specifically, as an intrinsic conditional autoregressive (ICAR) variable (Cressie

and Wikle, 2011; Banerjee et al., 2004; Hughes and Haran, 2010). Johnson et al. (2013)

and in the previous chapter, an advancement on the ICAR model was used, called a

restricted spatial regression (RSR), to model the spatial autocorrelation. Both models

add a spatial random effect to the regression model to help estimate the occupancy

probabilities. The added variable follows a Normal distribution with a mean of 0 and

a variance that is estimated by the model, same as random effects that are not spatial

in nature. Faraway (2005) provides a nice introduction to the estimation process of

a random effect in a regression model.

Similar to the way a random effect changes the intercepts in a regression model

and therefore the baseline values of the responses, the spatial random effects adjust
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the occupancy probabilities, which are the responses in these models. The manner in

which this is done is best exemplified by looking at the conditional distributions for

the ICAR spatial random effect. As mentioned above, the spatial random effect, η,

follows a multivariate Normal distribution:

η ∼ Normal
(
0, σ2Q−1

)
(3.1)

Alternatively, we can look at the conditional distributions of the individual vari-

ables, ηi, that comprise the vector η:

ηi|η−i ∼ Normal

(∑
wikηk
|n(i)|

,
σ2

|n(i)|

)
(3.2)

η−i is all of the elements of the η vector except for element i. Therefore, given

the neighboring values of site i, ηi will have an expected value that is the average of

its neighbors, with a variance associated with this expectation.

If most of site i’s neighbors have higher occupancy probabilities than would be

expected from the regression coefficients, then their ηi’s take on positive values, the

expected value of ηi for site i is greater than 0, and site i is expected to have a

higher value as well, than what would be expected from the regression coefficients.

Somewhat counter intuitively, a higher variance associated with the spatial random

effect equates to more residual spatial autocorrelation being accounted for by the

variable. A lower variance means that the spatial random effect is not capturing any

residual spatial autocorrelation.

The conditional distributions of Equation 3.2 would not necessarily form a well-

defined joint distribution, but they do form the joint distribution of Equation 3.1

because of the Hammersley-Clifford Theorem (Banerjee et al., 2004). The spatial
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random effect is added to the regression model. If we write the regression model in

matrix form, this becomes:

logit (ψ) = XTβ + η (3.3)

(The above generalized linear model uses a logit-link but a probit-link can be used

interchangeably at this stage.)

In order to estimate the parameters of a CAR model, one can use maximum

likelihood methods but since this involves the inversion of the variance matrix, this

method becomes computationally impossible with too many sites. In addition, this

proper CAR is only able to model a limited amount of spatial autocorrelation and

cannot capture extremely strong spatial autocorrelation (Banerjee et al., 2004). In-

stead, we use Markov Chain Monte Carlo methods to estimate the spatial random

effect.

As may be imagined, recent publications have proven that positive correlations

exist between the covariates, X, and the spatial random effect, η, of an ICAR model.

These correlations bias the coefficients, β, of the fixed effects and overestimate their

standard errors, implying that covariates are not significant that are indeed significant.

A nonspatial model that ignores the residual spatial autocorrelation underesti-

mates the standard errors. In essence, using an ICAR model trades one set of prob-

lems for another. However, one may still prefer the ICAR models to a nonspatial

model because of its better predictive abilities in determining the occupancies for

the unsurveyed sites due to the fact that they incorporate the neighborhood infor-

mation into their predictions. This extra advantage of spatial models should not

be discounted; in ecology, it is most likely that all sites will not be surveyed and

interpolation between sites is essential.

The RSR model is an attempt to rectify the ICAR’s shortcomings while still
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taking advantage of the neighborhood information to interpolate to the unsurveyed

sites. The derivation of the RSR model is given in Chapter 1. It uses the prominent

eigenvectors associated with the precision matrix of η instead of the covariance matrix

itself in structuring the variance of the spatial random effect. The linear combinaions

of the eigenvectors recreate the spatial patterns of the data. For example, one can

imagine combining maps like Figure 3.1, which would, in a sense, give the RSR

variable. By using only a subset of the eigenvectors, the RSR model is less correlated

with the fixed effects, the X, and smooths the spatial pattern across the landscape.

When fewer eigenvectors are included in the model, the correlation between X and η

decreases and the coefficients of the regression model, the β’s, are unbiased, but the

smoothed response map may or may not be desired.

In some of the simulations of this chapter, we tried to determine what happens

when different levels of restriction are applied and when the smoothing of the RSR

model is beneficial and when it is a disadvantage. The RSR models were developed

by Hughes and Haran (2010). In that publication, they discuss the theory behind

the model, how it evolves from the ICAR model, and that it produces unbiased

coefficient estimates for binary, count, and normal data, with restrictions as low as

100 eigenvectors for a 30 × 30 = 900 sites data set. They observed increased bias

in the parameters estimated from the RSR model when the model included fewer

eigenvectors; and large credible intervals for the ICAR models, often coupled with

biased parameter estimates. In the end, they recommend using the eigenvectors

that correspond to eigenvalues > 0.7, which would be approximately 10% of the

eigenvectors for a square lattice.

In this chapter, we used simulation studies to test whether these previous con-

clusions regarding both the ICAR and RSR model remain true when the layer of

non-detection of an occupancy model is included in the model structure.

It is important to know how the inclusion of the ICAR or RSR variable affects

model predictions because these models have been used in the past and will continue
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to be used in the future. The ICAR model is readily implemented using WinBUGS,

and both the ICAR and RSR model can be implemented with the “stocc” package in

R (Johnson 2012). The modeling of spatial correlation is gaining traction in ecology

analyses as more scientists realize they can use the spatial neighborhood information

to their advantage to better interpolate the results, as more people understand the

intricacies of the spatial models, and as the computation time of the models decreases.

Here we evaluated various aspects of the ICAR and RSR models to see if they pro-

duce accurate parameter estimates and correctly predict the occupancy probabilities

within the occupancy model framework. We also tested whether the standard errors

are correctly estimated to gain insight into the precision of the estimates, and we

tested what model selection tool can be used to pick between different spatial model

structures.

3.2 Methods

The reader is referred to Chapter 2 for a description of occupancy models, spatial

occupancy models with ICAR random effects, and spatial occupancy models with

RSR random effects. For the simulations we generated occupancy probabilities on an

n× n grid of sites as:

logit (ψi) = β0 + β1xi,1 + β2xi,2 (3.4)

Even though the “stocc” package uses probit-links to model the occupancy and

detection probability functions, we generated the probabilities using the logit-links to

explore model robustness to mild departures from the generating functions. Because

logit() and probit() functions produce almost identical curves, this difference should

not lead to radical changes in bias or precision but does allow us to hint at how such

assumptions relate to the model estimates. In reality we will never know the true
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distributions, so it makes sense to test model robustness with slightly mismatched

data generation to better understand how the models will perform with unknown

data generation structures.

In Equation 3.4, x1 usually represented “broad-scale” variation in the data such

as a latitude trend (Figure 3.5a), and x2 represented a clustering in the data (Fig-

ure 3.3a). Sometimes both x1 and x2 were broad-scale covariates; sometimes both x1

and x2 were clustered covariates; and sometimes only one covariate was used to model

the occupancy probability. The exact covariates that were used for each scenario are

mentioned within the Results sections.

The broad-scale covariates were the standardized x- (and y-) coordinates of the

grid and they are labeled LATi and LONGi for clarity in the rest of the chapter.

The clustered covariates were modeled as either a simultaneous autoregressive, SAR,

variable or a discretized spatial exponential function. A SAR variable follows similar

principles to a CAR variable and produces similar spatial patterns, but with a slightly

different structure of how the spatial component interacts with the unexplained error

and response term (see Banerjee et al. (2004), for more details). It was chosen because

data cannot be generated from an improper distribution such as the ICAR model

and the proper CAR model only produces limited spatial patterns with a maximum

Moran’s I statistic around 0.5 (Banerjee et al., 2004). A discretized spatial exponential

function based on the Matern clustering process was used in other simulations (Cressie

and Wikle, 2011). The variety of spatial explanatory variables was used to address

how the structure of the missing spatial autocorrelation affects the model predictions.

The detection probabilities were modeled as:

logit (pi) = α0 (3.5)
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or:

logit (pi) = α0 + α1xi,1 (3.6)

The x1 covariates could be either the same broad-scale (LATi) or clustered (ui)

covariate that was used to model the occupancy probabilities, although for most

simulations, the detection probability was taken as a constant across all sites as in

Equation 3.5. Unless otherwise noted, the detection probability was set equal to 0.40.

For all scenarios, we set the number of surveys per site to be three.

For each scenario, or set of simulations, the covariates and hence the occupancy

and detection probabilities were generated once, while the maps of actual occurrences

and detections varied between simulations as Bernoulli random variables:

zi ∼ Bernoulli (ψi) (3.7)

yij ∼ Bernoulli (zi · pi) (3.8)

Where z = {z1, . . . , zN} are the true occurrences and Y = {yij} are the true

detections at each sites. Each scenario was designed to test a specific question such

as whether low occupancy probabilities affected the results. A full factorial design of

scenarios was not implemented because of the exponential increase in simulations as

the number of possible combinations between scenarios increased.

We ran between 5 and 25 simulations for each scenario. While this is a small num-

ber of simulations for each specific run, the overlap between scenarios consistently

came to the same conclusions, making us confident that our conclusions represent

the true results. These simulations were not intended to be the definitive comparison

between the ICAR and RSR models, but do provide a greater exploration of the mod-

els than has ever been completed. For example, the only other published simulation
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study of the RSR model runs only one simulation per scenario (Hughes and Haran,

2010).

Between scenarios, we changed the broad-scale and clustered covariates being

included in the model; the regression coefficients that simulated low occupancy and/or

low detection; and the priors placed on the spatial random effect. Some simulations

were on a grid of 30× 30 = 900 sites and some were on a grid of 100× 100 = 10, 000

sites to examine the performance for large data sets. Unless otherwise noted, the

scenario assumed half of the sites were randomly chosen to be surveyed.

After we generated the data, we assumed one or more of the covariates were

missing. In that way, each model had a residual spatial random effect that needed to

be modeled.

For each generated data set, we ran several models and compared their outputs.

All models were run using the “stocc” package in R (Johnson, 2013). We ran a

nonspatial occupancy model using the “unmarked” package in R; a nonspatial occu-

pancy model using the “stocc” package in R; a spatial occupancy model with ICAR

random effects using the “stocc” package; and spatial occupancy models with RSR

random effects using the “stocc” package. The RSR models included several levels of

restrictions, i.e., models were tested with different amounts of eigenvectors included.

The “unmarked” and “stocc” nonspatial occupancy model results always matched

and therefore only the “stocc” nonspatial occupancy model will be mentioned in the

rest of the chapter for easier comparison with the spatial models.

Only representative subsets of all scenarios that were tested are included in the

Results section for succinctness.

3.2.1 Model Performance Measures

Model performance was measured by the overall bias:
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1

M ·N
∑
M

∑
N

ψ̂i − ψi (3.9)

and by the average, absolute difference between the estimated and true occupancy

probability for each site i:

|ψ̂i − ψi| =
1

M ·N
∑
M

∑
N

|ψ̂i − ψi| (3.10)

where the averages were taken over both the M simulations and N sites. This

second statistic was used to reflect the accuracy of the site-specific estimates and we

call it the “site-specific error.” Lower values are preferred to larger values but note

that the statistic will always be positive.

For an example of how the statistic works, assume that two sites both had a true

occupancy probability of ψ = 0.30, but the model estimated its value as 0.20 for one of

the sites and 0.40 for the other site. Overall, the occupancy estimates are unbiased,

but the site-specific error is |0.20−0.30|+|0.40−0.30|
2

= 0.10. This performance measure

was used because it had a consistent value between scenarios and between model

structures and could therefore be used to compare results between both the scenarios

and model structures. Examining occupancy maps was a qualitative confirmation of

model selection based on the site-specific errors.

3.3 Results

In each subsection of this section, we propose a question on model performance,

explain why the question is important, provide the detailed methods associated with

testing the question, and then answer the question.
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3.3.1 How did the model selection criterion perform?

The “stocc” package outputs the “posterior predictive loss criterion” (PPLC) from

Gelfand and Ghosh (1998) to help with model selection. Like other model selection

criteria (e.g., AIC), it is a summation of a goodness-of-fit statistic and a parsimony

statistic and lower values are desired. Its performance for hierarchical models such

as occupancy models was unknown. We tested whether the PPLC will pick the true,

generating model and if it has a tendency to pick one model structure over another

(i.e., the RSR versus the ICAR structure).

Data generation. We modeled the occupancy probability as a function of two

correlated, clustered covariates:

logit (ψi) = 1 + ui1 + ui2

u1 ∼ Normal (0,Σ)

u2 ∼ Normal (0.5u1,Σ)

Σ = σ2

((
I− αW̃

)(
I− αW̃

)T)−1
(3.11)

where W̃ is the row-standardized adjacency matrix, assuming the “queen’s” def-

inition of neighbors, σ = 0.25, and α = 0.98 in our simulations. Σ follows a SAR

distribution (Banerjee et al., 2004), and u2 is purposely correlated with u1 to mimic

to the real-life possibility that covariates are likely to be correlated with both the

response variable and with each other. In this set of simulations, our u1 and u2

had a correlation of 0.73. The detection probability equaled 0.50 and 450 of the

30 × 30 = 900 total sites were sampled. 32 simulations were run and the median

model fit statistics are given in Table 3.3.1. The models that we applied to the data

had the form:
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probit (ψ) ∼ u1 + u2 (3.12)

for the “true” model. The ICAR model replaced u2 with a spatial random effect:

probit (ψ) ∼ u1 + η (3.13)

The RSR models used Kα as the random effect:

probit (ψ) ∼ u1 + Kα (3.14)

with K restricted to 150 eigenvectors.

Conclusions. The PPLC tended to pick the ICAR model as the best fit and would

even choose it over the true model that was used to generate the data (Table 3.3.1).

In general, the ICAR models did fit the data well implying that the model selection

statistic is usually correct, but the model fit should be ground-truthed with qualitative

comparisons of the model predictions against the original data), suggesting a tendency

of the PPLC to pick complex models over parsimonious models. The PPLC should

not be used to pick between the ICAR and RSR model structures. That said, because

of its tendency to over fit, when the PPLC does pick a more parsimonious model, that

parsimonious model should be viewed as much better fitting.

3.3.2 Must a spatial random effect be included in the model?

Most models ignore the possibility of residual spatial autocorrelation but it is very

possible that not all environmental factors that affect a species’ occurrences will be
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Table 3.1: The posterior predictive loss criterion (PPLC) for model selection. The
selection statistic is the sum of the goodness-of-fit component and the complexity
penalty component. Lower values are desired. The design of the true model matched
the data generation, so it should fit the data best but the model selection chose the
ICAR model.

Model PPLC statistic, Goodness-of-fit
component,

Complexity penalty
component,

Dm Gm Pm
True, generating model 466.5 232.7 232.7
ICAR 457.5 224.2 234.5
RSR-150 465.4 229.5 235.4

available to model. Therefore we tested the effects of excluding a spatial variable.

Data Generation. For the “large-scale variation” scenario, occupancy probabilities

were a function of the scaled x- and y-coordinates of the data:

logit (ψi) = 1 + LATi + LONGi (3.15)

For the “clustered variation” scenario, occupancy probabilities were a function of

the x-coordinate and a SAR variable:

logit (ψi) = 1 + LATi + ui1

u1 ∼ Normal (0,Σ)

Σ = σ2

((
I− αW̃

)(
I− αW̃

)T)−1 (3.16)

with σ = 0.75, and α = 0.95 for these simulations. The following nonspatial model:
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probit (ψ) ∼ LAT (3.17)

And ICAR model:

probit (ψ) ∼ LAT + η (3.18)

And RSR model:

probit (ψ) ∼ LAT + Kα (3.19)

were used to predict the occupancy probabilities. The RSR model was restricted to

90 eigenvectors. The detection probability was set to 0.40 and 25%, 50% or 75% of

the 30×30 = 900 sites were sampled. In Table 3.2, we only report the results for when

50%, or 450, of the sites were sampled. 25 simulations were run for each scenario.

Conclusions. When models omit a covariate that does indeed predict occupancy,

as in our nonspatial model, the overall occupancy probability estimates remained

unbiased but the individual, site-specific errors were high (Table 3.2).

Adding a spatial random effect dramatically improved the site-specific occupancy

probabilities. Including a spatial random effect never resulted in a worse model fit

than the nonspatial models, although sometimes the spatial models were unable to

pick up the residual spatial autocorrelation and their output was identical to the

nonspatial models. Running a spatial occupancy model never resulted in a worse fit

than a nonspatial model.
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Table 3.2: Nonspatial versus spatial occupancy models. Overall, the nonspatial mod-
els were unbiased but when looking at their site-specific estimates, they performed
poorly. It is desired for all numbers to be as close to 0 as possible.

Model Overall Bias Site-Specific
Error

Nonspatial -0.01 0.15
ICAR -0.01 0.03
RSR-90 -0.01 0.05

3.3.3 Can the spatial random effect be used in place of the covariates?

For many data sets, meaningful covariates may be missing or may have been collected

at a different resolution from the presence-absence data. If collected at a different

resolution, there may be change-of-support or modifiable-area-unit-problem issues

resulting from their inclusion. Rather than introduce questionable relationships be-

tween the species occurrences and the available habitat data, it is of interest to know

if predictive occupancy maps can be created without any covariate information.

Data generation. Many scenarios were run that tested model performance without

covariates. For illustrative purposes, only one will be described in detail here.

The data were generated through the set-up described in the preceding section,

Equations 3.16. The models assumed that one variable was available to help pre-

dict the occupancy probabilities, as in Equations 3.18 and 3.19 or that occupancy

probabilities were only a function of the spatial random effects. For the ICAR model:

probit (ψ) ∼ η (3.20)

And for the RSR model:
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Table 3.3: A comparison of model fit when the spatial random effect is used in place
of all covariates. When a spatial random effect is used to replace either one or two
spatially correlated covariates, both the ICAR and RSR models are still able to build
accurate, predictive occupancy maps. With heavy restriction, the RSR models being
to perform poorly but their fits are comparable when 180 eigenvectors are included.

Overall Bias Site-Specific Error
Model Fit with one

covariate:
Fit with no
covariates:

Fit with one
covariate:

Fit with no
covariates:

ICAR -0.01 -0.01 0.03 0.04
RSR-180 -0.01 -0.01 0.04 0.06
RSR-90 -0.01 -0.01 0.05 0.06
RSR-30 -0.01 -0.01 0.06 0.07

probit (ψ) ∼ Kα (3.21)

Several levels of restriction with the RSR model were compared: 30, 90, and 180

eigenvectors.

Conclusions. Both the ICAR and RSR models can be used to model occurrence in

the absence of any covariates (Table 3.3; Figure 3.5 and 3.3). The models missing both

covariates– those that modeled occupancy solely as a function of the spatial random

effect– produced occupancy maps as accurate as the other models (Table 3.3). In

fact, excluding all covariates sometimes created more accurate occupancy maps.

When a spatial random effect is used in place of a covariate, the extreme occupancy

probability values may be shrunk towards the middle, meaning that low occupancy

probabilities (ψ < 0.20) are overestimated and high occupancy probabilities (ψ >

0.90) are underestimated (Figure 3.5).
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3.3.4 Are the standard errors estimated correctly?

As noted in the Introduction, if one ignores residual spatial autocorrelation, standard

errors are underestimated (Dormann et al., 2007; Latimer et al., 2006). Recent publi-

cations have brought attention to the fact that the inclusion of an ICAR variable may

overinflate the standard errors, essentially trading one problem for another (Hodges

and Reich, 2010; Reich et al., 2006).

The purpose of this set of simulations was to test whether the ICAR and RSR

models were overestimating the standard errors for the occupancy model, tested by

seeing if the standard errors as calculated from the model output matched the true

variation in the estimates of the parameters. We concluded that the ICAR model

does overestimate the parameter standard errors and that the RSR model also over-

estimates the standard errors but by a smaller amount.

Data generation. In order to properly test the variances, the data were generated

from probit function instead of the logit function in order to match the model structure

of the models fit using the “stocc” package:

probit (ψi) = LATi + ui1

u ∼ Normal (0,H(θ))

hij = exp
(
−‖si−sj‖

θ

) (3.22)

In these simulations, the clustered covariate followed the discretized spatial ex-

ponential function, with a range of θ = 30. H(θ) is a matrix of elements {hij} and

‖si − sj‖ is the Euclidean distance between sites i and j. The detection probability

was set to 0.40; 450 of 900 sites were sampled; and 100 simulations were run. On

this generated data, we ran a “true” model that was nonspatial and included both

covariates to give a baseline for the parameter standard deviations:
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probit (ψ) ∼ LAT + u (3.23)

The spatial models included the LAT variable but modeled the u1 variable as a

spatial random effect instead, as in Equations 3.18 and 3.19.

For each simulation, the standard deviation associated with the posterior distri-

bution’s parameter was calculated from the model output and was labeled as ŜE(β).

We computed the medians of the ŜE(βi)’s that were outputted from the 100 simula-

tions and denote the medians as ŜE(βi). We compared these values to the standard

deviations associated with the parameter estimates themselves. We stored the me-

dian parameter values outputted from each simulation, the β̂i, and then we take the

standard deviation of the (βi)’s gained from all 100 simulations and labeled it SD(β̂i).

If the models are estimating the standard errors correctly then these values should

match: ŜE(βi) = SD(β̂i).

Conclusions. The ICAR model consistently overestimated the standard errors while

the RSR model had standard errors that were more in line with the true standard

deviations of the estimates and were more similar to the standard errors of the true

model (Table 3.4). These discrepancies between standard errors for the parameters

led to similar error inflation for the occupancy probabilities themselves (Figure 3.5).

The standard errors of the detection probability parameters were estimated correctly

for all models.

3.3.5 How much restriction can occur in the RSR models?

Once a researcher has decided to use an RSR model, the question remains as to

how many eigenvectors should be included in the restriction. While this question

is partially tested in all of the simulations, the most thorough set of simulations is
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Table 3.4: Accuracy of the reported standard errors. The standard errors associated
with the ICAR model are much higher than those reported by the other models (left
columns). The true variance in the estimation of the parameters, SD(β̂i), is much

lower than the reported values, ŜE(βi) for the ICAR model and is somewhat lower
than the reported values for the RSR model. The two types of estimates for the
standard errors match for the true model, as expected.

Model Intercepts Parameter Coefficients

ŜE(β0) SD(β̂0) ŜE(β1) SD(β̂1)
True, generating model 0.18 0.18 0.17 0.17
ICAR 0.29 0.19 0.42 0.21
RSR-150 0.23 0.19 0.25 0.19

described here. We tested models with several levels of restriction and several types

of missing spatial variables.

Data Generation. In the first set of simulations, the occupancy probabilities were

generated as functions of the discretized spatial exponential function:

logit (ψi) = 1 + ui1

u ∼ Normal (0,H(θ))

hij = exp
(
−‖si−sj‖

θ

) (3.24)

with θ = 30, as in Equation 3.22 in the previous section. We set the detection proba-

bility equal to 0.40 and sampled 450 of 900 sites. For each of the ten simulations run,

we analyzed the data with a “true” nonspatial model that included the u1 covariate:

probit (ψ) ∼ u1 (3.25)

The ICAR and RSR models predicted the occupancy probabilities strictly as func-
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tions of the spatial random effects as in Equations 3.20 and 3.21, respectively. The

RSR models were restricted to 30, 60, 90, 120, 180, 240, 300, and 450 eigenvectors. In

the second set of simulations , the occupancy probabilities were generated as functions

of a SAR-variable:

logit (ψi) = 1 + LATi + ui1

u1 ∼ Normal(0,Σ)

Σ = σ2

((
I− αW̃

)(
I− αW̃

)T)−1 (3.26)

Or as functions of a large-scale variable:

logit (ψi) = 1 + LATi + LONGi (3.27)

The ICAR and RSR models predicted occupancy probabilities strictly as functions

of the spatial random effects as in Equations 3.20 and 3.21, respectively. The RSR

models were restricted to 30, 90, 180 or 350 eigenvectors.

We also tested how the level of restriction affected model predictions when a larger

number of sites was involved. For these tests, we set:

logit (ψi) = 2LATi + 2wi1 (3.28)

for a grid of 100×100 = 10, 000 sites, of which we set half to be sampled. The w1 were

a clustered covariate generated by a Matérn clustering process (κ = 100; r = 0.08;µ =

400), which is a generalization of the spatial exponential function and did not require

intensive matrix multiplication to calculate. The counts were standardized, leading

to occupancy probabilities of 0.5–0.6.
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Conclusions. The overall bias remained close to 0 regardless of the amount of

restriction but the site-specific error increased as the amount of restriction increased

and fewer eigenvectors were included. The models were not sensitive to small changes

in the restrictions and there were diminishing returns in terms of the site-specific

error as the number of eigenvectors increased. With 300 or more eigenvectors, the

RSR models on 900 sites had long run times and began to perform poorer. When

many eigenvectors were included, the RSR model showed similar characteristics to the

ICAR models– they had the benefit of a better fit for the small-scale variations, but

they also overestimated the parameter standard errors and had higher correlations

between MCMC iterations.

The RSR models performed equally well to the ICAR models when the missing

covariate followed the discrete spatial exponential distribution (Table 3.5) and the

level of restriction had little affect on this conclusion.

When the missing covariate followed a SAR distribution or a latitudinal trend,

then the ICAR performed better than the RSR models and had lower site-specific

errors (Table 3.6; Figure 3.5).

When the larger grid of 100 × 100 sites was simulated, an RSR model with 500

eigenvectors took almost as long to run as the ICAR model due to the matrix compu-

tations necessary to initialize the MCMC iterations. The model with 100 eigenvectors

took much less time and produced a map with similar accuracy to the ICAR model

albeit much smoother (Table 3.5; Figure 3.3).

Our simulations suggest that the optimal restriction for the RSR models is 100–

400 eigenvectors, regardless of the total number of sites or the percentage of those

sites that were surveyed. Within that range, fewer eigenvectors should be included if

one desires a smoother map for predictions and more eigenvectors should be included

if one wants to fit the current data and is less interested in the predictions at the

unsurveyed sites.
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Table 3.5: Trade-off between run times and model error. For all scenarios, half of the
total number of sites were assumed to be sampled.

Model # Sites Overall
Bias

Site-Specific
Error

Median Run
Time (min)

Nonspatial 900 0.01 0.01 24
ICAR 900 0.01 0.09 39
RSR-30 900 0.01 0.09 30
RSR-60 900 0.01 0.09 31
RSR-90 900 0.01 0.09 32
RSR-120 900 0.01 0.09 34
RSR-180 900 0.01 0.09 38
RSR-240 900 0.01 0.09 44
RSR-300 900 0.01 0.10 53
RSR-450 900 0.01 0.10 93
ICAR 10,000 0.00 0.04 460
RSR-100 10,000 0.00 0.07 228
RSR-500 10,000 0.00 0.07 374

Table 3.6: Model error under alternative spatial variables. These runs exemplify the
discrepancy between the ICAR and RSR models when the spatial structure of the
missing covariate does not match the ICAR or RSR spatial random effect structure.

Model # Sites Overall
Bias

Site-Specific
Error

Large-Scale Variation
ICAR 900 -0.01 0.04
RSR-30 900 -0.01 0.07
RSR-90 900 -0.01 0.06
RSR-180 900 -0.01 0.06
Clustered Variation
ICAR 900 -0.01 0.14
RSR-30 900 0.00 0.17
RSR-90 900 0.00 0.15
RSR-180 900 0.01 0.15
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3.3.6 How do low occupancy and/or low detection probabilities affect model perfor-

mance?

Data Generation. Scenarios were considered to be low occupancy if the average

occupancy probability was 0.31 or less; they had low detection if the detection prob-

ability was 0.20. The low occupancy probabilities were generated as:

logit (ψi) = −1− 2LATi (3.29)

A normal detection probability of 0.40 was used to test the effects of low ocucupa-

nies and a detection probability of 0.20 was used to test the effects of low detections.

As with the previous simulations, we assumed a grid of 30 × 30 = 900 sites. 16

simulations were run. The model assumed the covariate was not available, as in

Equations 3.20 and 3.21.

Conclusions. Lower occupancy probabilities did not affect the differences between

models, but led to less precise maps and possibly, positively biased occupancy prob-

ability predictions (Table 3.7).

When detection was low, the models overestimated occupancy, and the spatial

models were less able to pick up the residual spatial autocorrelation (Table 3.7). The

overestimation of occupancy matched the results in the original MacKenzie et al.

(2002) paper that introduced occupancy models.

3.3.7 How well do the models predict the fixed effects of interest?

The residual spatial autocorrelation may be correlated with the covariates of interest

(Hodges and Reich, 2010; Reich et al., 2006). We tested the ICAR model in an

attempt to confirm these findings and to see if the problem also existed for the RSR

models.
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Table 3.7: Model results for low occupancy probabilities.

Model Overall Bias Site-Specific Error
Normal Detections, p = 0.40
Nonspatial 0.01 0.29
ICAR 0.01 0.08
RSR-300 0.00 0.08
RSR-180 0.01 0.09
Low Detections, p = 0.20
Nonspatial 0.04 0.29
ICAR 0.03 0.09
RSR-300 -0.02 0.10
RSR-180 0.04 0.12

Data Generation. Because the estimation of the fixed effects is related to its corre-

lation with the residual spatial autocorrelation, we generated occupancy probabilities

as functions of two correlated variables, as in Equations 3.11, but with a probit-link

to more directly compare the parameter estimates from when the models are fit using

the “stocc” package with the true parameter values:

probit (ψi) = 1ui1 + 1ui2

u1 ∼ Normal (0,Σ)

u2 ∼ Normal (u1,Σ)

Σ = σ2

((
I− αW̃

)(
I− αW̃

)T)−1
(3.30)

with σ2 = 0.25 and α = 0.98. 32 simulations were run on the 30× 30 = 900 grid, half

of which were sampled, with a detection probability of 0.5. The models assumed that

ψi was a function of the spatial random effect and ui1 but not ui2, as in Equations 3.13

and 3.14. A “true” nonspatial model was also run assuming that ψi was a function

of both ui1 and ui2, as in Equation 3.12.

In a second set of simulations, the two covariates were not correlated and oc-
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Table 3.8: Predicting the model coefficients with non-correlated variables. The true
model correctly estimated the parameters, but the spatial models both overestimated
the coefficients.

Site-Specific

Model β̂0 β̂1 β̂2 Overall Bias Error
True Parameter Value 0 1 1
True, generating model 0.01 1.04 0.95 0.00 0.01
ICAR 0.68 1.30 NA 0.00 0.06
RSR-150 0.63 1.26 NA 0.00 0.06

Table 3.9: Predicting the model coefficients with correlated variables. None of the
models correctly predicted the coefficient values, although the underestimated in-
tercepts balanced with the overestimated slopes to give unbiased estimates for the
occupancy probabilities overall and kept the site-specific errors reasonable.

Site-Specific

Model β̂0 β̂1 β̂2 Overall Bias Error
True Parameter Value 0 1 1
True, generating model -0.24 0.64 0.56 -0.08 0.10
ICAR -0.49 1.34 NA -0.08 0.12
RSR-100 -0.48 1.33 NA -0.08 0.13
RSR-250 -0.51 1.38 NA -0.08 0.12

cupancy probabilities were generated from Equation 3.22, and the models of Equa-

tions 3.18 and 3.19 were applied.

Conclusions. When covariates were not correlated, the true model correctly es-

timated all coefficients and the spatial models overestimated the coefficients but

were still able to maintain accurate site-specific occupancy probability estimates (Ta-

ble 3.8).

When covariates were correlated, none of the models– including the true, gener-

ating model– correctly estimated the coefficients, not even the true model, and the

occupancy probabilities were underestimated (Table 3.9). More testing needs to be

conducted on the ability of the models to estimate the fixed effects coefficients.
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3.3.8 Does model performance change when the area of inference is large?

One may want to run a spatial occupancy model on a large area with many sites, for

example the SABAP 2 data has 16,000 sites and the Swiss Breeding Bird Survey has

40,000 sites.

Data Generation. Model performance on large areas of inference was tested in

multiple scenarios. One example was data generated from Equations 3.15 and then

modeled by Equations 3.18 and 3.19.

Conclusion. When 10,000 sites were included in the gridded data, model perfor-

mance did not change, but the RSR models did have much faster computation times.

For the larger grid of 100 × 100 = 10, 000 sites, the ICAR models took an aver-

age of 7.7 hours to run, the RSR models with 100 eigenvectors took an average of

3.8 hours, and the RSR models with 500 eigenvectors took an average of 6.2 hours

(Table 3.5). The long run times for the RSR models were partially due to the ma-

trix operations that were necessary to compute before the MCMC chains began. For

example, calculating the eigenvectors for the RSR model took over one hour for each

of these models. Additional efficiencies in the matrix calculations within the function

could improve run times further.

3.3.9 How does collinearity affect model results?

Two types of collinearity were considered. The first type of collinearity was when two

covariates were correlated with each other and both affected the occupancy probabil-

ities. This scenario and the results were described in the “Predicting fixed effects”

section above, page 71.

Another type of collinearity is when the same covariate affects both the occupancy

and detection probabilities. For example, one can imagine that vegetation height

increases the probability of occupancy of a species while at the same time decreasing
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the probability of detection. This covariate may exhibit high spatial autocorrelation

itself. We examined what happens to model predictions when the data for such a

variable is missing.

Data Generation. Because of the ramifications of this question, we tested it in

several ways. For the first set of tests:

logit (ψi) = LATi (3.31)

logit (pi) = −1 + LATi (3.32)

or

logit (pi) = −1− LATi (3.33)

The detection probabilities were either positively and negatively correlated with

the covariate, and the 95% range for the detection probabilities was (0.06, 0.66) with

a median of 0.27 for both cases. Occupancy probabilities were positively related to

the covariates and their 95% range was (0.16, 0.84) with a median of 0.50. We used

3 surveys per site, surveyed 450 of 900 sites, and ran the scenario for 15 simulations.

The second scenario that we discuss in this section is described with Equation 3.11

in the PPLC performance section:

logit (ψi) = 1 + ui1 + ui2

u1 ∼ Normal (0,Σ)

u2 ∼ Normal (0.5u1,Σ)

Σ = σ2

((
I− αW̃

)(
I− αW̃

)T)−1
(3.34)

but with varying detection probabilities:
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logit (pi) = 0.5ui1 (3.35)

or

logit (pi) = −0.5ui1 (3.36)

Conclusions. If a covariate that affected both occupancy and detection was missing

from the model, the site-specific errors were high. The estimates were usually unbiased

overall if the detection probabilities remained high for all sites. If the covariate had a

positive relationship with both occupancy and detection probabilities, then the models

did a better job overcoming the collinearity. If the covariate had a positive relationship

with occupancy but a negative relationship with detection, then the models had some

difficulty estimating the occupancy probabilities and tended to have a negative bias

regarding the occupancy probabilities (Tables 3.10 and 3.11).

For the scenarios that we tested, the negative bias may be exaggerated by the

low detection probabilities that resulted from allowing detection to vary. If detection

and/or occupancy was low, the results were more inaccurate and more imprecise than

if there was not any collinearity.

3.3.10 Do the priors affect the results?

As with any Bayesian analysis, it is important to know if and how the prior dis-

tributions affect the posterior results. Most importantly for a spatial model is how

the priors associated with the spatial parameter, τ , may be affecting the posteri-

ors. For ICAR and RSR models, several priors have been used in previous publica-

tions: gamma(0.5, 0.0005); gamma(0.5, 0.005); gamma(1, 1); gamma(0.01, 0.01); and

gamma(0.001, 0.001). In this section, we tested the influence of those priors.
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Table 3.10: Biases resulting from collinearity between the detection and occupancy
probabilities. This table relates the effects of confounding from a large-scale covariate
(Equation 3.31). The true model exhibited similar biases and site-specific errors
regardless of whether the detection was positively or negatively correlated with the
variable. The biases and errors all increased in magnitude for the spatial models.

Detection is Positively
Correlated

Detection is Nega-
tively Correlated

Model Overall
Bias

Site-Specific
Error

Overall
Bias

Site-Specific
Error

True, generating model 0.09 0.12 0.04 0.10
ICAR model -0.05 0.14 -0.09 0.26
RSR-150 -0.05 0.15 -0.09 0.25

Table 3.11: Biases resulting from collinearity between the detection and occupancy
probabilities with a spatial exponential covariate (Equations 3.11). All models had
increased biases and site-specific errors when the detection probability was negatively
correlated with the occupancy probabilities.

Detection is Positively
Correlated

Detection is Nega-
tively Correlated

Model Overall
Bias

Site-Specific
Error

Overall
Bias

Site-Specific
Error

True, generating model -0.04 0.04 -0.22 0.28
ICAR model -0.04 0.06 -0.21 0.26
RSR-150 -0.04 0.07 -0.22 0.27
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Table 3.12: Comparing posterior estimates for different gamma priors for the spatial
parameter, τ .

Median Overall Site-specific
Model Priors Posterior Bias Error
ICAR (0.5, 0.0005) 0.46 0.00 0.07

(0.5, 0.005) 0.47 0.00 0.07
(1, 1) 0.41 0.00 0.07

(0.01, 0.01) 0.29 0.00 0.08
(0.001, 0.001) 0.34 0.00 0.08

RSR-180 (0.5, 0.0005) 5.25 0.00 0.09
(0.5, 0.005) 0.55 0.00 0.09

(1, 1) 0.37 0.00 0.08
(0.01, 0.01) 0.34 0.00 0.09

(0.001, 0.001) 0.32 0.00 0.09

Data generation. The occupancy probabilities were generated from the following

set of equations:

logit (ψi) = 1 + LATi + LONGi (3.37)

A detection probability of 0.40 and a sampling of 450 of 900 sites were used for 10

simulations. The models assumed that the LATi were known but the LONGi were

unknown, and both ICAR and RSR models were run for all of the priors mentioned

above.

Conclusion. There was some evidence that the gamma(0.5, 0.0005) was less able

to pick up the residual spatial autocorrelation, but otherwise, there was no consistent

patterns in the performance of the priors. In general, the priors did not affect the

results and the posterior estimates were independent of the starting values for τ

(Table 3.12).
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3.3.11 Can the models be used with a sparsely sampled area?

It is unlikely that half of a grid of 10,000 sites will be sampled. More likely, only a

fraction of the total grid will be sampled. We performed multiple tests to compare

the models when few sites were sampled.

Data Generation. We first compared model outputs when 275, 450, or 675, i.e.,

one-fourth, one-half, and three-fourths, respectively, of the available 900 sites were

sampled. In this scenario, we generated the data from Equation 3.15.

We further tested the results of less sampling on a 10,000 site grid. For this

scenario, we generated the occupancy probabilities from:

logit (ψi) = −1− LATi (3.38)

Slightly different from the previous scenarios, the detection probability was set to

0.30, but again, 3 surveys per site were used. On this grid, we built models where

100, 500, 1,000 or 5,000 of the 10,000 sites were samples. In terms of percentages,

1–50% of the sites were sampled. In one set of simulations, the sampled sites were

chosen completely randomly. In another set of simulations, the sites were sampled

in pairs to learn if extra neighborhood information was gained form this alternative

sampling design to help with the spatial random effect estimation.

Conclusions. It did not make a difference if the sparsely sampled sites were random

across the landscape or if sites were sampled in pairs. Therefore, all conclusions

discussed are drawn from the random sampling design.

As the number of samples decreased, the overall bias of the model did not change

but the site-specific errors increased (Tables 3.13 and 3.14). Mostly, the ICAR and

RSR models perform equally well with fewer surveyed sites, with the ICAR models
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Table 3.13: When fewer sites are sampled, the overall occupancy probabilities remain
unbiased but the site-specific errors increased. The discrepancies between the ICAR
and RSR models do not change.

Model Overall Bias Site-Specific Errors
Number of sites surveyed: 675 450 275 675 450 275
ICAR 0.00 -0.01 0.01 0.02 0.03 0.04
RSR-180 0.00 -0.01 0.00 0.04 0.04 0.06

Table 3.14: Sparse data on a large grid. When only 1% of the sites are surveyed, then
the models perform considerably worse but are otherwise robust to fewer sites being
sampled, albeit with increasing site-specific errors.

Model Overall Bias Site-Specific Errors
Number of sites surveyed: 5,000 1,000 500 100 5,000 1,000 500 100
ICAR 0.01 0.02 -0.01 -0.05 0.04 0.06 0.08 0.16
RSR-150 0.02 0.02 0.00 -0.03 0.07 0.10 0.13 0.18

slightly outperforming the RSR models, as was the case in the previous scenarios as

well.

If 10% or less of the area of inference was surveyed, then model output was im-

precise and the site-specific errors were higher than before but the overall occupancy

probability was generally unbiased (Table 3.14). Often the models had difficulty de-

tecting the underlying spatial patterns when 10% or fewer sites were sampled. When

only 100 sites out of a grid of 10,000 sites, or 1% of the area of inference, were sur-

veyed, the models performed poorly and in general could not detect the underlying,

missing spatial patterns (Table 3.14).

3.4 Summary of Results

From the simulations described above, we make the following summary conclusions

and recommendations.

• When applicable, researchers should fit spatial occupancy models over nonspa-
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tial occupancy models.

• Accurate occupancy probability maps can be produced from an ICAR or RSR

spatial occupancy model without any covariates.

• The RSR models were not sensitive to changes in the numbers of eigenvectors;

restrictions to 105, 112, 120 eigenvectors all gave very similar results.

• In order to pick which spatial model to use, the researcher should determine their

desired level of smoothing a priori to fitting the models. Restricting the RSR

models to 100–400 eigenvectors is an appropriate range of restriction regardless

of the number of sites in the area of inference, with fewer eigenvectors leading

to smoother predicted occupancy maps.

• One should use a more restricted RSR model, i.e 100–200 eigenvectors to obtain

accurate parameter estimates associated with the fixed efffects of interest and

accurate standard errors.

• The PPLC model selection tended to over fit and picked complex models over

the true, generating models. It should not be used to choose between fitting an

ICAR and RSR model.

• Low occupancy probabilities did not affect model performance but low detection

probabilities caused negatively biased occupancy probability estimates, for both

the spatial and nonspatial models.

• The spatial models were robust to low sampling coverage, even without any

fixed covariates to help explain the variability.

• The spatial models were robust to different priors for the spatial parameter, τ .
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• Nonspatial and spatial models had trouble estimating the fixed effects of in-

terest when there was confounding between the independent variables used in

the model. However, the models were able to compensate and outputted accu-

rate occupancy probabilities even with the inaccurate covariate coefficients. If

there is confounding or it is known that a covariate that affects both the occu-

pancy and detection probabilities is not available, it is important for detection

probabilities to be high.

3.5 Conclusions

In this chapter, we attempted to quantify and summarize spatial occupancy model

performance. We focused on scenarios where the incoming data were complex, de-

graded, and/or mismatched to the model assumptions. Data complexity was created

with the inclusion of multiple covariates that were sometimes correlated with each

other in addition to their relationships with the occupancy probabilities. Data degra-

dation was synthesized through low detection probabilities, low occupancy proba-

bilities, sparse numbers of sampled sites, and through the general concept of non-

detection that is the basis of the occupancy model. Sometimes, different equations

were used in the models than those that comprised the data generating structures in

order to test results from mismatched assumptions. Model performance was deter-

mined by the models’ abilities to overcome these degradations and complexities.

In general, both the ICAR and RSR models showed great adeptness in the face

of these challenges. They used their spatial random effects to pick up missing spatial

relationships and accurately predict occupancy probabilities for the surveyed and un-

surveyed sites.

Many of the details that resulted from our simulation testing were described in

the Summary section above but the questions remain of when, if, and how to use a

spatial occupancy model over a nonspatial model. The spatial models always provided

more accurate occupancy estimates than the nonspatial occupancy models, although
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there were simulations where the spatial models were unable to pick up the missing

spatial pattern and the models had the same output. Therefore if data are collected

on a grid, one should always apply the spatial occupancy models over the nonspatial

occupancy models.

Either the RSR or the ICAR model may be preferred, depending on the situation.

If the data are well behaved with high detections, most of the desired area of inference

is surveyed, and there are no unmodeled, confounding variables, then the ICAR model

would be a better choice. That said, although the ICAR model usually created more

accurate, predictive occupancy maps and it may be better at picking up the small-

scale variance, it may also bias the parameter estimates of the fixed effects and it

exaggerated the standard errors.

More likely than not when looking at ecology data, the data will be degraded

(e.g., lower detections, fewer sites surveyed) and there will be confounding between

the occupancy and detection probabilities. In these scenarios, the RSR models often

picked up the residual spatial autocorrelation when the ICAR model was unable to.

In addition, if one is using the model to make predictions on the unsurveyed sites,

then the smoothing of the RSR model may be preferred.

For these reasons, we recommend always choosing the RSR models within an oc-

cupancy model framework. As with other smoothing techniques, the exact amount of

smoothing/restriction to be applied is left up to the researcher. We recommend a re-

striction of 100–400 eigenvectors, with fewer eigenvectors being used if the researcher

wants a smoother map of predictions to extrapolate the results to unsurveyed ar-

eas and more eigenvectors being included if one wants to capture the smaller-scale

variation related to the specific area that has already been surveyed.
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Figure 3.1: Examples of patterns created from the eigenvectors of a map of occupancy
probabilities.

eigenvalue 1 = 1.03 eigenvalue 11 = 0.97

eigenvalue 108 = 0.52 eigenvalue 899 = -0.52
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Figure 3.2: Model estimates when missing large-scale covariates a.) The true oc-
cupancy probabilities that the models were trying to replicate. This map is from
Equation 3.15. b.) Going clockwise from the top-left: The predicted occupancy
probabilities from the ICAR model using Equation 3.18; the predicted occupancy
probabilities from the ICAR model using Equation 3.20; the predicted occupancy
probabilities from the RSR model using Equation 3.21 and restricted to 180 eigenvec-
tors; the predicted occupancy probabilities from the RSR model using Equation 3.19
and restricted to 180 eigenvectors. When the ICAR and RSR models assumed that
either one or both covariates of Equation 3.15 were missing, a comparison of the left
and right maps show that very similar maps were produced.
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Figure 3.3: Model estimates when missing clustered covariates for 10,000 sites. Models
were fit with occupancy solely being a function of the spatial random effect (Equa-
tions 3.20 and 3.21). These plots demonstrate the smoothing that occurs between
ICAR and RSR models. Going clockwise from top-left: The true occupancy probabil-
ities that were being estimated; the ICAR model estimates; the RSR model estimates
when restricted to 500 eigenvectors; and RSR model estimates when restricted to 100
eigenvectors.
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Chapter 4

A SPATIO-TEMPORAL MODEL,
INTRODUCED AND APPLIED TO THE COMMON

MYNA

4.1 Introduction

Invasive species are a problem worldwide: damaging crops, contributing to the loss

of biodiversity, and causing disturbances. One widely referenced publication suggests

that invasive species cost the United States alone an estimate $120 billion per year

(Pimentel et al., 2005). A better understanding of the causes of an invasive’s spread

can minimize the damages incurred.

More generally, the knowledge of colonization and extinction patterns has been

a quest of ecologists for decades. For many iconic species, scientists have applied

radiotelemetry or satellite tags to track the movements of individuals in order to

build out population-level inferences. For some species, this information can tell us

the causes of population change, but for many species that are rare and elusive,

such resources are not available for careful monitoring. In addition, these large-scale

questions are difficult to answer when the scale of the data collection is much smaller

than the area for which to draw inference. Fortunately, with the advance of crowd-

sourcing, modern computing, and remote technologies, we now have the tools to

answer these questions for mammals and birds in many regions of the world where

the appropriate data were previously unavailable.

Our data comes from the Southern African Bird Atlas Project (SABAP 2). SABAP

2 is a large database of bird detections/non-detections from throughout South Africa

from 2007–Present. Volunteer bird watchers following strict protocols on effort and
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Figure 3.4: Bias of the spatial occupancy models. The black dots represent the
average occupancy probabilities estimates from the true model whose inputs matched
the data generating equations, Equation 3.22. The averages were taken over 100
simulations. They show the true model’s ability to accurately estimate the occupancy
probabilities for the entire range (0, 1) of probabilities. The stars and crosses represent
the estimates from the ICAR and RSR-150 models, respectively, and they show similar
patterns of inaccurate estimates of the occupancy probabilities. In addition to having
high variability between estimates, the models tend to overestimate the extremely
low ψi values and underestimate the extremely high ψi values.
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Figure 3.5: Model estimated standard errors. The black dots are the results from a
true model whose inputs matched the data generating equations, Equation 3.22. On
the left are the results from the median standard errors for the occupancy probabilities
as reported by the model output. On the right are the standard deviations related
to the median occupancy probabilities from the model output, with the standard
deviations taken over the 100 simulations. As desired, the reported standard errors
(left graph) match the standard deviations of the parameters (right graph).

The dark blue crosses are the same statistics but for an RSR model, restricted
to 150 eigenvectors, and where the fixed u1 covariate is replaced by a spatial random
effect (Equation 3.19). Because the RSR model does not perfectly match the data
generating equations, more variance is expected and therefore the graph on the right
shows higher standard deviations associated with the parameters.

The RSR model overestimated the standard errors, as seen by the fact that the
points on the left graph have larger magnitude than the points on the right graph. In
this regard, the ICAR model greatly overestimated its standard errors but the true
variance of its parameters matched the variability of the RSR model (right graph).
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habitat coverage collect bird lists. As of May 4, 2013, 86,658 lists have been incorpo-

rated into SABAP 2 (http://sabap2.adu.org.za/). Many recent studies similarly use

detection/non-detection data amassed by volunteers over large areas and long time

periods to get at colonization and extinction patterns (e.g., The Swiss Breeding Bird

Survey and The Christmas Bird Counts in the United States).

We applied a recent computing advancement to logistic regressions, the occu-

pancy model, to the SABAP 2 data. Occupancy models use a hierarchical framework

to account for the fact that a species may be present at a site but go undetected.

Occupancy models are a popular tool for modeling presence-absence data from bird

surveys, as evidence by the 1,000+ citations of the MacKenzie et al. (2002) paper

that originally introduced this model.

We used a Bayesian version of the occupancy model (see description in Chapter 2)

and merged it with an adaptation of the model by Hooten and Wikle (2010) to cre-

ate a dynamic, multi-season occupancy model that predicts past, current and future

species occupancies along with estimates of the parameters that drive these occupan-

cies. Our model is novel in that instead of having the colonization probabilities act

independently of the occupancies of a site’s neighbors, as in the dynamic occupancy

model developed by MacKenzie et al. (2003), we set them to be a function of whether

a site’s neighbors are occupied. A site is more likely to be colonized if more of its

neighbors are currently occupied and if it has better habitat than neighboring sites,

but we also allow for the chance of colonization of a site without occupied neighbors

through the inclusion of a long-distance dispersal term. Although a few other models

do set colonization to be a function of occupied neighbors (Yackulic et al., 2012),

our model is more explicit in its connection of these processes while simultaneously

allowing for a long-distance dispersal.

Using the SABAP 2 data, we applied the model to the common myna (Acridotheres

tristis), a starling that is native to Asia but has been introduced to countries around

the world. The myna is considered one of the world’s top 100 worst invasive species
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(Lowe et al., 2000). It was introduced to Durban, a small city in the Southeast

corner of South Africa in 1902 (Peacock et al., 2007). After an initial stabilization in

that region, its range has undergone spurts of rapid expansions and the myna is now

widespread in the eastern half of South Africa (Figure 4.1). The myna’s distribution

has been noted anecdotally but the drivers of its expansion have not been studied

empirically nor statistically.

Our model is the first dynamic occupancy model to determine what may be driving

the myna’s expansion and what its rates of colonization are. As the myna may

outcompete native species, these answers have important conservation implications.

The chapter proceeds as follows. We begin with a description of the data to give

context for the subsequent model development. After the data and the model are

illustrated, we describe a simulation study that was conducted to test the model.

The results, discussion, possible model extensions, and conclusions then follow.

4.2 Methods

4.2.1 Data

The Southern African Bird Atlas Project, SABAP 2, is a large database of

bird lists collected by volunteer bird-watchers whom we call citizen scientists

(http://sabap2.adu.org.za/). Each bird list is a survey of the bird species detected

and not detected within a particular 5-minute latitude by 5-minute longitude grid cell,

approximately 8×7.6 km (Harebottle et al., 2007). South Africa is covered by 17,444

of these sites. Each bird list represents one survey of one site with non-detections

deduced by a species’ absence from the list. Each survey represents a minimum time

period of two hours of intensive birding to a maximum time period of five days, and

in that time the citizen scientist is expected to cover all habitat types of the grid

cell. In this publication, we looked at the checklists as surveys of the common myna,

and each checklist is therefore a detection/non-detection record of the myna at a
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particular site.

We clumped the data into quarter degree grid cells (QDGC) to compare our model

results against an earlier version of the bird atlas project, SABAP 1, which occurred

mainly from 1987–1991. Each QDGC is 15-minute latitude by 15-minute longitude

and is equal to nine of the smaller grid cells. 1,946 QDGC cover South Africa.

SABAP 1 did not have the same, strict protocols on habitat coverage and minimum

and maximum time effort per card but the database still provides a good snapshot of

the myna distribution in the late 1980s.

The SABAP 2 data were collected from July 2007–present. We divided this multi-

year data into five time periods, one for each year of data starting in January 2008

and ending in December 2012. Because 2007 is incomplete, it was excluded from the

analysis, leaving five years of complete data.

1,196 of the QDGC sites were included in the analysis and 1,145 of them were

surveyed at least once in the five-year period (Figure 4.1; a map of detections and

surveys for all South Africa is in Appendix B.1). 209 sites were surveyed more than 30

times in any given year. In order to have more even effort information from each site,

the number of surveys per site per year was limited to 30; the surveys were randomly

sampled to obtain the 30 to include in the analysis. A benefit of this data truncation

is that it allowed us to compare model selection and parameter estimates between

slightly different data sets and ensured that our final model was truly representative

of the data.

In 2008, the myna was detected at 268 of the 644 sites that were surveyed; in 2009,

it was detected at 367 of the 867 surveyed sites; in 2010, it was detected at 395 of 928

surveyed sites; in 2011, it was detected at 370 of 848 sites; and in 2012 it was detected

at 401 of 930 sites (Figure 4.1). In each year, the number of detections increased but

the number of surveys increased as well, masking any occupancy changes from year

to year.

To determine what covariates were likely to affect the myna occurrences and col-
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onizations, we first built a single-season spatial occupancy model for the 2008 data.

The following site-specific covariates were considered: the logarithm of the human

population density (LOG HUMAN); the latitude and longitude coordinates of the

data and their squares (LAT, LONG, LAT2, LONG2); the proportion of the site that

was pastureland (PASTURE; Ramankutty et al. (2010b)); the proportion of the site

that was cropland (CROP; Ramankutty et al. (2010a)); and the proportion of the

site that was in a protected area such as a national park or game reserve (PA; Rouget

et al. (2004)). These variables were included because it has been proposed that the

distribution of mynas is most associated with human population density and habitat

transformations (Peacock et al., 2007). A previous study that analyzed the corre-

lations between the myna distribution and habitat availability clumped all habitat

transformations together as one covariate (Peacock et al., 2007); here we separate out

agriculturally used land and do not specify an urban habitat variable, as it would be

so closely correlated with human density as to be irrelevant as a stand alone variable.

The following survey-specific covariates were considered when building the detec-

tion probability function: the number of hours spent intensively birding for the check-

list (INTENSIVE); and the total numbers of hours spent on the checklist (TOTAL),

which will include the intensive hours birding plus time spent passively birding.

All variables were scaled by their mean and standard deviation for better conver-

gence and ease of comparison between variables. Using the best-fitting single-season

occupancy model as the base, we then fit and compared two spatio-temporal models.

4.2.2 Models

Let z1 = {zi,1, . . . , zi,N} be the true occurrences of sites i = 1, . . . , N in year 1. If

the species was detected at a site, then the species occupies that site and zi,1 = 1.

(We assumed no false-positive detections.) If the species was not detected or the site

was not surveyed, then zi,1 will be estimated from its occupancy probability, ψi,1.

ψ1 = {ψi,1, . . . , ψN,1} is the vector of occupancy probabilities for all sites for year 1.
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We modeled the occupancy probabilities as a function of site-specific covariates and

a spatial random effect:

z1 ∼ Bernoulli(ψ1)

probit(ψ1) = Xψβψ + Kα
(4.1)

We used the probit-link function to more easily compare the parameter estimates

for the spatio-temporal occupancy model with single-season spatial occupancy models

fit with the “stocc” package in R (Johnson, 2013), as in Chapters 2 and 3.

Because adjacent sites may be similar to each other even after incorporating the

available covariates, residual spatial autocorrelation was accounted for through Kα,

the spatial random effect. The inclusion of the Kα random effect gives us the re-

stricted spatial regression, or RSR, model introduced by Johnson et al. (2013). In

this model, the K are a subset of the eigenvectors for the Moran Operator Matrix, Ω

(Hughes and Haran, 2010):

Ω =
NP⊥AP⊥

sum(A)
(4.2)

where

P⊥ = I−X (X′X)
−1

X′ (4.3)

A =

 1 if i 6= k and sites i and k are neighbors

0 otherwise
(4.4)

Within this paper, sites are neighbors if they are adjacent or diagonal from one

another (Figure 4.2). It is possible to extend this definition to a second-order neighbor

or a non-binary definition of neighbors that is a function of the distance between
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centroids of sites. N is the number of sites for which we will draw our inference.

The α follow a Normal distribution:

α ∼ Normal
(
0, σ2 (K′QK)

−1
)

(4.5)

Q is the precision matrix from the ICAR model and it is similar to the adjacency

matrix, A, above:

Q =


−1 if i 6= k and sites i and k are neighbors

0 if i 6= k and sites i and k are not neighbors

|n(i)| if i = k

(4.6)

where |n(i)| is the total number of neighbors (occupied and unoccupied) of site i.

The number of eigenvectors to include in K is left up to the researcher, but

100–500 has been proposed as the appropriate range of the restriction (Chapter 2).

100 eigenvectors is the minimum to include before the smoothing interferes with the

prediction and 500 is the maximum that is necessary due to the diminishing returns

with the addition of more eigenvectors (see Chapter 3). We tried several subsets of

eigenvectors and found only mild differences between the resulting models; we chose

to use 250 eigenvectors as a number that was compromise between minimizing the

correlations between covariates and the spatial random effect, and over-smoothing

the data.

Occurrences in subsequent years, t = 2, . . . , T , are functions of the occupancies in

year 1, the persistence probability, the neighborhood colonization probabilities, and

a long-distance dispersal probability:
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zi,t | zt−1 ∼ Bernoulli(θi,t)

θi,t = zi,t−1φ+ (1− zi,t−1) INi,t−1
d̄i,t + (1− zi,t−1)

(
1− INi,t−1

)
γ

(4.7)

θi,t is the probability of site i being occupied at time t. If site i was occupied at

time t− 1 then zi,t−1 = 1 and the probability of occupancy is equal to the persistence

probability, φ (alternatively it can be called the site survival probability). If site i was

not occupied at time t−1 but at least one of its neighbors was occupied, then zi,t−1 =

0, INi,t−1
= 1, and the occupancy probability is equal to the probability of being

colonized by a neighbor, d̄i,t. We interchangeably call this colonization probability the

neighborhood dispersal probability. If site i was not occupied and all of its neighbors

were also not occupied, then zi,t−1 = 0, INi,t−1
= 0, and the occupancy probability is

equal to the probability of long-distance dispersal, γ.

The persistence probability, φ, and the long-distance dispersal, γ, may be esti-

mated as constants or they may be estimated as functions of a time- or space-varying

covariate, e.g.

probit(γi) = βγ,0 + βγ,1xγ,i (4.8)

The probability of site i being colonized by its neighbors, d̄i,t, is a function of the

vector z̃Ni,t−1
, which indicates the neighbors of site i that are occupied at time t− 1,

and of the vector di, which is the probability of site i being colonized by one of its

occupied neighbors.

d̄i,t = 1− exp
(
z̃′Ni,t−1

ln (1− di)
)

(4.9)
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The formula for Equation (4.9) is derived in Appendix B.4. The dispersal vectors,

di, are vectors of length 9 and each element represents the probability of site i being

colonized by neighbor k, k = 1, . . . , 9 (see Figure 4.2). These probabilities are constant

across time but may or may not be constant across space. They may be modeled in

one of two ways.

Homogeneous neighborhood dispersal. Here it is assumed that local coloniza-

tion patterns do not vary across the landscape. The di vector is the same for each

site i but each individual dk that makes up the dispersal vector varies. Under this

paradigm, the following priors were placed on the dk, for every neighbor k = 1, . . . , 9:

dk ∼ Uniform(0, 1) (4.10)

Nonhomogeneous neighborhood dispersal. In this scenario, the dispersals are

a function of a habitat variable gradient. The colonization probabilities are functions

of whether site i has better/worse habitat than its neighbors. The di vectors are

different for each site because each site i will have different habitat relationships

compared to its neighbors.

probit(di) = βd,0 + βd,1xd,i

βd,0 ∼ Normal (0, 5)

βd,1 ∼ Normal (0, 5)

(4.11)

The xd,i are the differences in the habitat gradient between site i and its k neigh-

bors. As there are 9 neighbors per site, xd,i is a vector of length 9. The xd,i are

created through the following relationship: each element of the vector, xd,i,k is equal

to site i’s kth neighbor’s covariate value at that site minus site i’s value, and then
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divided by the distance between sites to account for the fact that the diagonal neigh-

bors (k = 1, 3, 7, 9) are slightly further away than the other neighbors (k = 2, 4, 6, 8)

(Figure 4.2).

xd,i,k =
xi,k − xi
dist(i, k)

(4.12)

Observation process. Because the species may be present at a site but go unde-

tected, we included an observation process in the model:

yi,j,t ∼ Bernoulli(zi,t · pi,j,t)

probit(pi,j,t) = Xpβp

(4.13)

The yi,j,t are the observed occurrences of the species and the pi,j,t are the proba-

bilities of detecting the myna on survey j of site i at time t, given it is present at the

site. Detection probabilities may be a function of site- and survey-specific covariates.

This observation process is the same for all years of data.

Priors. We used the following priors on the rest of the parameters:

σ ∼ Uniform(0, 100)

βψ ∼ Normal (0, 5I)

βp ∼ Normal (0, 5I)

γ ∼ Uniform(0, 1)

(4.14)

Because all variables were standardized by their mean and standard deviation,

smaller variances were placed on the β priors so that the prior weights would be more

evenly distributed across the spectrum of possible probabilities. More vague priors
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and large β’s would place a majority of the prior weight on very high and very low

occupancy and detection probabilities.

Three chains of the model were each run for 30,000 iterations, a burn-in of 10,000

iterations, and a thinning rate of 5, leaving a total of 12,000 saved iterations. Ap-

pendix B.2 gives the model in full and Appendix B.3 can be used as a glossary for

the model symbols.

4.3 Model Selection

We fit single-season occupancy models to the data from 2008 to determine the factors

that were most correlated with the myna’s distribution. To choose the best-fitting

single-season model, we first added covariates to the occupancy probability component

of the model using forward model selection based on the p-values of the additions.

Variable addition stopped when its p-value was greater than 0.05. We then added

the site- and survey-specific covariates to the detection probability component of the

model, again stopping when an additional variable’s p-value was greater than 0.05.

The addition of the detection probability covariates rendered some of the occupancy

parameters nonsignificant so they were removed from the model one at a time, using

high p-values (p > 0.05) as the reason for being dropped. After the nonspatial model

was fit, the spatial random effect was added to the model and any parameters that

became nonsignificant were removed from the model.

The covariates that influence detection were selected with the single-season model

for 2008 and then the same covariates were used for the observation process for the

subsequent years.

Once the single-season model was chosen, we fit several multi-season models using

the single-season model as the base for occurrences for year 1, Equation 4.1. Six

multi-season models were fit that varied in the ways that the dispersal probabilities

were estimated. Two models used the homogeneous neighborhood colonization as in

Equation 4.10; the other models used the nonhomogeneous neighborhood colonization,
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as in Equation 4.11, with either human population density, latitude, or longitude as

the environmental gradient. The models were fit with the long-distance dispersal

being constant and with the long-distance dispersal estimated as a function of the

human popultion density. (See Appendix B.2 for the exact equations related to each

model.)

We also ran models that estimated a “year 0” of occurrences from the model. In

these equations, the year 0 occurrences were estimated solely as a function of the

spatial random effect:

z0 ∼ Bernoulli(ψ0)

probit(ψ0) = β0 +Kα
(4.15)

And Equation 4.7 is used for all the years of actual data, except that t = 1, . . . , T ,

instead of starting at year 2.

4.4 Simulation Study

A simulation study investigated the convergence and parameter bias for the model

renditions described above. We assumed a grid of 30 × 30 = 900 sites, of which a

random subset of 75% of the sites were selected to be surveyed. Following the setup

of Yackulic et al. (2012), we used a constant detection probability of 0.5 and assumed

4 surveys per site.

To generate the data, occupancy for year 1 was a function of the scaled x-

coordinate of the data:

probit(ψ1) = −1 + 1x (4.16)

The true occurrences of year 1 were the outcomes of Bernoulli trials with these

probabilities:
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z1 ∼ Bernoulli(ψ1) (4.17)

The occurrences in subsequent years were the outcomes of Bernoulli trials from

Equation 4.7. In all scenarios, the persistence probability, φ, was set as 0.90. Long dis-

tance dispersal, γ, was either set constant at 0.05 or as a function of the x-coordinate:

probit(γ) = −1.5 + 0.5x (4.18)

These coefficients led to a range of long-distance dispersal probabilities of 0.01 to

0.25, with a median of 0.07. Neighborhood dispersal was homogeneous, with coloniza-

tion probabilities of (0.20, 0.20, 0.05, 0.20, NA, 0.05, 0.05, 0.05, 0.05) for k = 1, . . . , 9,

respectively. Other scenarios had nonhomogeneous neighborhood colonizations with:

probit(di) = −1 + 1xd,i (4.19)

These coefficients let to a range of neighborhood dispersal probabilities of 0.004 to

0.75 with a median of 0.16. The two variations for long-distance dispersal (constant

or varying) combined with the two variations for the neighborhood dispersal (homo-

geneous or nonhomogeneous) led to the testing of four scenarios. Ten simulations

were run per scenario.

The above set-up was repeated for another set of four scenarios, the difference

being that the year 1 occurrences were generated from Equation 4.16 but there was

no detection data included from that year.

For all eight scenarios, the model estimated year 1 occupancy as:
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probit(ψ1) = β + Kα (4.20)

Therefore, in the models the true covariate was not used and the occupancy prob-

abilities were estimated from the spatial random effect instead. The scenarios where

year 1 detection data were unknown/excluded were tested with five simulations each.

Between simulations, the parameters remained constant but the occurrences and

detections changed. The given parameter values were chosen to reflect what we be-

lieved would be realistic persistence and colonizations from year to year.

4.5 Results

4.5.1 Simulation Study

The detection probability, persistence probabilities, and occurrences for each year

were unbiased for all scenarios (Table in Appendix B.5). More variability was seen in

the estimation of the dispersal estimates, matching the fact that there were more pa-

rameters to be estimated for these components. The long distance dispersal had low

bias when the year 1 data were available but exhibited positive bias when the model

estimated the year 1 detections and occurrences (right half of Appendix Tables). In

particular, the long distance dispersal overestimated the coefficient associated with

the x-covariate when long-distance dispersal was varying, as in Equation 4.18 (Ta-

bles B.1, B.4). The overestimation of the long distance dispersal was to compensate

for the greatly underestimated occurrences in year 1.

In estimating the parameters associated with the neighborhood dispersal, the co-

variate coefficient in the nonhomogeneous models was slightly underestimated. When

the neighborhood dispersal was homogeneous, the probabilities had a slightly positive

bias, but none of the neighborhood dispersal biases translated into biased occupancy

rates.
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The DIC varied widely between the different scenarios. The homogeneous dispersal

models always had lower DIC than the nonhomogeneous models; the models with a

constant long distance dispersal had lower DIC than the models with varying long-

distance dispersal; and models where year 1 data were estimated had higher DIC

than models where the year 1 data were available. Therefore, this model selection

criteria should not be used to choose between model structures and should be limited

to variable selection within a given model structure.

4.5.2 Myna Results

The detection probabilities were positively correlated with the number of hours spent

intensive birding and the human population density. The detection probabilities were

also functions of the latitude and longitude coordinates of the data (Table 4.1). The

myna occupancies of year 2008 were originally correlated with the latitude and longi-

tude coordinates of the data, the human density, and the proportion of agricultural

pastureland. Once the detection probability covariates and the RSR spatial random

effect were included, only the latitude coordinate and human density affected oc-

cupancies. The probability of occupancy increased when either variable increased

(Table 4.1).

The spatio-temporal model with homogeneous neighborhood dispersal had a lower

DIC (DIC = 32,520.8) than the spatio-temporal model with nonhomogeneous neigh-

borhood dispersals (DIC = 32,579.6), which matches the DIC output from the sim-

ulation study. In the homogeneous model, the dispersal probabilities represent the

probabilities of the middle site being colonized by its neighbors, these probabilities

ranged from 0.006 to 0.561 (Table 4.3). The higher dispersal probability for neigh-

bor 9 means that a site is most likely to be colonized by its southeastern neighbor.

Another relatively high rate of dispersal comes from neighbor 4 whose colonization

probability is 0.22. Therefore, the range of the myna is mostly expanding northward.

The nonhomogeneous model with neighborhood dispersal being a function of hu-
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man density estimated the neighborhood dispersals to range from 0.002 to 0.58, with

a median probability of 0.14. The negative coefficient associated with the human

population suggests that the myna is dispersing away from the large cities into the

less populated surrounding areas, possibly because the myna populations are already

saturated in the more heavily populated sites.

A map of the predictive surface of neighborhood dispersals, created from Equa-

tion 4.11 but with the habitat differences replaced by the sites’ habitat values, shows

the routes along which the myna uses for dispersal (Figure 4.3). The dark blue in the

northeast corner of the country demonstrates avoidance of Kruger National Park but

with potential for colonizations to the north and south of the park.

Two other models with nonhomogeneous neighborhood dispersals were fit where

the neighborhood dispersal was a function of latitude or longitude. When dispersal

was a function of longitude, its associated coefficient was -1.42, with a 95% credible

interval of (-2.012, -0.815); when dispersal was a function of latitude, its associated

coefficient was -1.78 with a 95% credible interval of (-3.13, -0.719). Because neither

of these models exhibited good convergence, the model that uses the human density

as the dispersal parameteter was preferred and chosen as the best-fitting.

In all models, the persistence probability was estimated to be either 0.94 (95% CI:

0.92, 0.95) or 0.93 (95% CI: 0.91, 0.94). The long-distance dispersal was estimated to

be 0.01 with a lower bound to its confidence interval equal to 0.

Two additional models were fit with the long distance dispersal as a function

of human population densities. The coefficient associated with these covariates was

nonsignificant and so models with a constant long distance dispersal were considered

to be a better fit (see Appendix B.6).

All models estimated an increase in the number of sites being occupied over time.

For the homogeneous model, the estimated number of sites occupied in 2008 was 599

and increased to 724 by 2012 (Table 4.2), suggesting a rate of spread of 4% a year.

For the nonhomogeneous model, the estimated number of sites occupied in 2008 was
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Table 4.1: The parameter estimates from the model with nonhomogeneous neighbor-
hood dispersals. “Rhat” is a measure of the model convergence; values decrease to
1.00 with more iterations and values below 1.07 are desirable.

NONHOMOGENEOUS DISPERSAL MODEL:
Median (SE) 95 % CI Rhat

Detection Parameters (probit-scale):

Intercept -0.09 (0.02) -0.12 -0.05 1.00
INTENSIVE 0.11 (0.01) 0.09 0.12 1.00

LAT 0.32 (0.02) 0.29 0.35 1.00
LAT2 -0.48 (0.02) -0.51 -0.44 1.01

HUMAN POP 0.57 (0.01) 0.54 0.59 1.00
LONG 0.03 (0.02) 0.00 0.07 1.00

LONG2 -0.32 (0.01) -0.35 -0.30 1.00
Occupancy Parameters (probit-scale):

Intercept 0.02 (0.23) -0.38 0.53 1.04
LAT 2.07 (0.32) 1.50 2.79 1.03

HUMAN POP 0.84 (0.20) 0.48 1.24 1.01
Spatial Parameter:

sigma 4.93 (0.81) 3.50 6.76 1.01
Persistance Probability:

persist.prob 0.94 (0.01) 0.92 0.95 1.00
Long-distance dispersal probability:

disperse.long 0.01 (0.02) 0.00 0.05 1.00
Neighborhood Dispersal Parameters (probit-scale):

Intercept -1.08 (0.12) -1.31 -0.85 1.00
HUMAN POP -0.50 (0.16) -0.80 -0.20 1.00
Number of Sites Occupied:

Year 2008 635 (23.1) 592 682 1.03
Year 2009 654 (19.2) 618 693 1.02
Year 2010 675 (18.0) 642 712 1.01
Year 2011 697 (18.7) 662 736 1.01
Year 2012 724 (21.0) 684 766 1.00

Deviance Explained:
deviance 31656.8 (43.0) 31576.0 31743.3 1.01

DIC 32579.6
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Table 4.2: The estimated coefficient values from the homogeneous model.

HOMOGENEOUS DISPERSAL MODEL:
Median (SE) 95 % CI Rhat

Detection Parameters (probit-scale):

Intercept -0.09 (0.02) -0.12 -0.05 1.00
INTENSIVE 0.11 (0.01) 0.09 0.12 1.00

LAT 0.31 (0.02) 0.28 0.35 1.00
LAT2 -0.47 (0.02) -0.50 -0.43 1.00

HUMAN POP 0.57 (0.01) 0.54 0.59 1.00
LONG 0.03 (0.02) 0.00 0.07 1.00

LONG2 -0.33 (0.01) -0.35 -0.30 1.00
Occupancy Parameters (probit-scale):

Intercept -0.23 (0.18) -0.56 0.14 1.01
LAT 1.70 (0.32) 1.21 2.43 1.02

HUMAN POP 0.83 (0.18) 0.51 1.22 1.01
Spatial Parameter:

sigma 4.63 (1.01) 3.23 7.30 1.04
Persistance Probability:

persist.prob 0.93 (0.01) 0.91 0.94 1.00
Long-distance dispersal probability:

disperse.long 0.009 (0.01) 0.000 0.043 1.00
Number of Sites Occupied:

Year 2008 599 (25.3) 550 649 1.02
Year 2009 643 (18.3) 606 678 1.03
Year 2010 670 (16.6) 637 702 1.03
Year 2011 695 (17.2) 662 730 1.02
Year 2012 724 (19.2) 688 764 1.01

Deviance Explained:
deviance 31607.23 42.73 31523.54 31691.34 1.00

DIC 32520.77
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Table 4.3: The estimated neighborhood dispersal probabilities (and standard errors)
from the homogeneous model. A higher probability means that the site is more likely
to be colonized from that direction.

0.08 0.02 0.01
(0.04) (0.02) (0.01)
0.22 - 0.16

(0.06) (0.06)
0.06 0.08 0.56

(0.05) (0.06) (0.16)

635 and increased to 724 by 2012 (Table 4.1, Figure 4.5), suggesting a rate of spread

of 2.8% a year.

4.6 Discussion

Our models empirically confirmed that human population is a driver of myna occur-

rences. The models are suggestive that agricultural land transformations to crop or

pasture lands do not play as great of a role in the myna dispersals in South Africa as

these variables did not significantly affect the occupancy or detection probabilities.

Whether or not a site contained protected areas had no affect on the myna occu-

pancy or detection probabilities. Therefore, mynas are not actively avoiding these

less disturbed sites but they are also not favoring them.

Previous publications concluded that the myna would avoid highlands and the

dry, cold interior of South Africa (Brooke et al., 1986). We did not have data on

temperatures at the appropriate spatial and temporal scales to determine if that is

indeed a limiting factor to the myna’s dispersal. The addition of the spatial random

effect was used in place of these potentially significant, missing covariates. In this

manner, the models reinforced the need for spatial autocorrelation because these

were likely environmental factors that affect myna occupancies but were unavailable

for our analysis. The spatial occupancy model used the spatial component to extract

information from the residual correlations in the data for better predictive maps.
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Figure 4.3 is the surface of potential neighborhood dispersals that shows the flow

of colonizations and the spread of the myna northward into Zimbabwe, eastward into

Mozambique and Swaziland, and westward along South Africa’s coast. It is likely

that the myna’s range expansion will continue along these routes in the near future.

The myna’s capability of long distance dispersals has already been demonstrated,

seen in the outpost detections away from its core range in Figure 4.1. In our models,

the long distance dispersal probability was estimated to be 1% and its 95% credible

interval did overlap 0. Therefore most of the myna’s range expansion is through its

neighborhood dispersals.

Model Extensions. The simulation study demonstrated the high performance of

this dynamic occupancy model. The mild variations of the model can be extended

in future applications. For example, one may want some or all of the coefficients to

vary for each time period to reflect that colonization patterns may change from year

to year. The persistence and long distance dispersal parameters could also vary from

year to year. Instead of being constant for all sites, the persistence probability could

be a function of a variable and/or the neighborhood dispersals could be a function of

more than one environmental gradient variable. With some of these extensions, the

models could be used to understand extinction probabilities for species with declining

populations.

Management Implications. One of the advantages of building a Bayesian occu-

pancy model as we did here is that the structure easily estimated the actual occur-

rences for each year of data, along with confidence intervals for these estimates, in

addition to the occupancy probabilities. The finite occupancies may be preferred

for species management because they relate more closely to the area of study. Oc-

cupancy probabilities tell the researcher where the species would hypothetically be

found if predicting occurrences for an area that has never been surveyed (i.e., Fig-
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ure 4.4). If the researcher wants to make further inferences on a larger area from

which they have already sampled and surveyed for their analysis, then the estimated

occurrences explicitly take into account the surveys that have already been conducted

(i.e., Figure 4.5).

Other advantages of our model’s structures are its two sources of colonizations

and the fact that the colonization and extinction probabilities are explicitly linked

to a site’s occupancy and its neighbors’ occupancies from the previous time period.

We believe these explicit connections are intuitive, provide more meaning into both

processes, and the two sources of colonization more closely mimic the true behavior of

the species. The model provides the appropriate structure to ask biological questions.

From the neighborhood colonizations, we created a gradient field for the future

spread of the myna. When building a dynamic occupancy model, one of the most

interesting results of looking at multiple seasons at once is to concurrently look at

the colonization and extinction processes that drive the occupancy map changes. As

far as we are aware, previous publications on dynamic occupancy models have not

included such gradient maps for the colonization or extinction processes. In the case

of the myna, an invasive whose range is expanding, we focused on the colonization

process. The map of its dispersal gradient can inform managers on the directions

from which the myna will be invading.

Finally, our model concludes that the myna’s range continues to expand at a rate

of approximately 3% a year. Because the myna population has not yet stabilized,

resource managers should continue to be aware of myna expansions and what that

may mean for important birding areas and other protected, biodiversity areas.
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Figure 4.1: The outline of the map shows the sites included in our analyses. Each
square is one quarter degree grid cell (QDGC). The maps on the left give the number
of detections at each site in 2008 and 2012; the maps on the right give the number of
surveys that occurred at each site in 2008 and 2012.
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Figure 4.2: Neighborhood structure.
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Figure 4.3: Gradient surface of potential neighborhood dispersals. The common myna
is likely to disperse to the areas of orange and will avoid the dark blue sites.
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Figure 4.4: Estimated occupancy probabilities. Because 2008 is estimated differently
from the other years, the probability map has different shading.
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Figure 4.5: The mean occurrence values for each site and all years.
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Chapter 5

CONCLUSIONS & IMPLICATIONS

This work has demonstrated the potential of large, volunteer-based databases

combined with modern computing power and improved modeling techniques to an-

swer important ecological questions when limited resources are available for studies.

Presence-absence data are common in ecology because it is easy to collect, cost effi-

cient, and non-invasive to the species under study. Many techniques have previously

been employed to analyze presence-absence data, but most assume the data points

are independent. We have updated existing models by adding spatial and temporal

components to them. The spatial model introduced in Chapter 2 has provided insight

on an elusive species with low detection rates; the spatio-temporal model introduced

in Chapter 4 has provided insight on an invasive species whose range is expanding in

South Africa. We hope that scientists will decide to take advantage of the spatial and

temporal components of their data and expand upon basic occupancy model analyses

by using the methods described in the previous chapters.

The methods we constructed were in consideration of the data from the Southern

African Bird Atlas Project (SABAP). SABAP is a set of surveys submitted by vol-

unteers and it maps the detections (and non-detections) of all bird species occurring

in South Africa. In the 1990s, data from the first phase of the project, SABAP 1,

was used to create general range maps for each species in South Africa for the first

time. Because the SABAP data involves adjacent sites, we expanded upon a recently

developed method, the restricted spatial regression (RSR) model, to combine this

spatial information with a hierarchical occupancy model structure. Our spatial oc-

cupancy model led to detailed occupancy maps. Adding a spatial component when
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modeling occupancy compensated for low occurrences, low sampling coverage, con-

founding between variables, and allowed us to produce accurate occupancy maps with

and without environmental covariates.

The spatial occupancy model can be used on any presence-absence data set con-

sisting of neighboring sites. The SABAP 2 database alone has this type of data on

the 800+ species that occur in South Africa; similar atlas data has been collected at

a range of spatial scales in countries all over the world. A spatial occupancy model

is the appropriate method to analyze this gridded data, and the RSR model may be

the best version of these methods to date. Through our simulations, we have shown

that researchers should always fit spatial occupancy models rather than nonspatial

occupancy models.

The SABAP data also has a temporal component, as it is a database of surveys

that have been collected over more than five years. Because the distribution of a pop-

ulation will change over time, we have developed a spatio-temporal occupancy model

that includes colonization and extinction processes. This model improves upon pre-

viously developed, multi-season occupancy models because colonizations are directly

linked to a site’s previous occupancy status and its neighbors’ occupancy statuses.

The spatio-temporal model estimates occupancy probabilities for year 1 and then

derives future occupancy probabilities from the previous year’s occupancy probabili-

ties, and the persistence and dispersal probabilities. Rates of population change are

derived from the occurrences estimated for each year of data.

The spatio-temporal model was developed specifically for the SABAP data, but

it can be applied to any presence-absence data with neighboring sites and with a

temporal component. Its application is advantageous to resource managers who wish

to learn if, where, and why a species’ range is contracting or expanding.
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5.1 Summary

In Chapter 2, we demonstrated the utility of adding a spatial random effect to an

occupancy model. Traditionally, a CAR variable has been added to a model, but

we found an RSR variable to be a better alternative. When applied to the Southern

ground hornbill, the RSR occupancy model produced a better fit than either the

nonspatial occupancy model or the ICAR occupancy model. In addition, the RSR

occupancy models were easily implemented in R, produced estimates in a fraction of

the time, and proved to be very promising for large data sets (> 1, 000 sites).

The analysis concluded that the Southern ground hornbills are found primarily in

protected areas; thus providing quantitative support of the value of protected areas to

the ground hornbill. The lack of significance of any other vegetation-related variables

reinforced findings of previous studies that the ground hornbill is otherwise a diet

generalist. Our range maps highlighted the southernmost region of South Africa as

an area with potential for high occupancies of ground hornbills.

In Chapter 3, we summarized spatial occupancy model performance. We focused

on scenarios where the incoming data were complex, degraded, and/or mismatched

to the model assumptions. In general, both the ICAR and RSR occupancy models

were robust to these trials. They used spatial random effects to pick up missing

spatial relationships and accurately predicted occupancy probabilities for surveyed

and unsurveyed sites.

Either the RSR or the ICAR model may be preferred, depending on the desired

outcomes. The ICAR model predicted the occupancy probabilities more accurately

and was better at picking up small-scale variance, but it biased the parameter esti-

mates of the fixed effects and it inflated the standard errors.

The RSR model is preferred if the data are degraded (e.g. lower detections, fewer

sites surveyed) and/or there is confounding between the occupancy and detection

probabilities. In these scenarios, the RSR models picked up the residual spatial
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autocorrelation when the ICAR model was unable to. In addition, if one is using the

model to make predictions on unsurveyed sites, then the smoothing that occurs from

the RSR model may be preferred.

For these reasons, we recommend choosing the RSR models within the occupancy

model framework. As with other smoothing techniques, the exact amount of smooth-

ing/restriction to be applied when using an RSR model is left up to the researcher.

However, we recommend a restriction of 100–400 eigenvectors, regardless of the num-

ber of sites in the area of inference. One should use a more restricted RSR model,

i.e 100–200 eigenvectors to obtain accurate covariate estimates and standard errors.

Fewer eigenvectors will lead to a smoother map of predictions. One should use a less

restricted RSR model, i.e. 300–400 eigenvectors, if one wants to more closely mimic

the ICAR model results and capture the smaller-scale variation of an area that has

already been surveyed.

In Chapter 4, we built a dynamic occupancy model with spatial and temporal

components. This model has local and long distance dispersals. The dispersal and

persistence probabilities are explicitly linked to a site’s occupancy and its neighbors’

occupancies from the previous year. We believe these explicit connections are intu-

itive, provide more meaning for both processes, and that the two types of dispersal

closely mimic the true behavior of the species.

A simulation study demonstrated the high performance of this spatio-temporal

occupancy model. Mild variations of the model could be extended in future appli-

cations. For example, the persistence, neighborhood, and long distance dispersal

parameters could vary from year to year. Alternatively, the model could be used to

better understand extinction probabilities for species with declining populations.

We applied the model to the common myna, an invasive whose range is expanding

in South Africa. The model empirically confirmed that human population is a driver of

myna occurrences. The models were suggestive that land transformations from native

vegetation to crop or pasture lands do not play a large role in the myna dispersals in
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South Africa, and that mynas are not actively avoiding protected areas but they are

also not favoring them.

Our model concluded that the myna’s range continues to expand at a rate of ap-

proximately 3% a year. A map of its neighborhood dispersals shows the potential

spread of the myna northward into Zimbabwe, eastward into Mozambique and Swazi-

land, and westward along South Africa’s coast. It is likely that the myna’s range

expansion will continue along these routes in the near future. Because the myna

population has not yet stabilized, resource managers should continue to be aware of

myna expansions and what that may mean for important birding areas and other

biodiversity hotspots.

5.2 Future Model Applications

No model will be perfect for all data sets. As methods, tools, and data sets advance,

we need general models with flexible frameworks that can be specialized for each

species, data set, and ecological question. We have developed such models within this

dissertation.

In order to demonstrate the models’ utility, we applied them to two species: the

Southern ground hornbill and the common myna. Both species were chosen because

they would not be misidentified, so that there would be no false positive detections,

which is a basic assumption of an occupancy model.

The Southern ground hornbill was chosen for the single-season, spatial occupancy

model because of its slow reproduction and lack of migrations, allowing us to com-

fortably combine multiple years of data into one season. Beyond satisfying the model

assumptions, the Southern ground hornbill was an interesting example because of the

ecological questions that could be answered. Very little is known about the Southern

ground hornbill. Therefore, we were able to answer questions on habitat preferences

and draw inferences from its low levels of detections outside protected areas. Our

model confirmed that the Southern ground hornbill is a diet generalist and that its
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populations are doing best in protected areas.

The myna was chosen as the example species for the spatio-temporal occupancy

model because it also had interesting ecological questions to be answered. The myna

has been described as one of the world’s worst invasive species; and its range has been

expanding over the last few decades. Our model confirmed that the myna continues to

expand, estimated its rate of increase and the direction of expansion, and concluded

that the myna resides in sites with high human densities.

Both the spatial occupancy model of Chapter 2 and the spatio-temporal occupancy

model of Chapter 4 may be applied to any species that will not be misidentified. The

most interesting applications will be to diet generalists, as results may help deduce

what other factors drive the species’ distribution and dynamics. In line with the

recommendations for a nonspatial occupancy model, detection probabilities for the

species should average at least 0.30 at the sites where the species does occur, unless

more than three surveys have been conducted at the sites.

5.3 Conservation and Management Implications

Occupancy maps provide guidance on land use for resource management. The pre-

dictive maps created through this dissertation’s models are more insightful and in-

formative than the nonspatial occupancy models and other methods that resource

managers currently use.

The inclusion of spatial random effects in our models allow for the prediction of

occupancy with missing environmental covariates and even with no covariates. This

is advantageous if the survey data are collected on a different scale than the envi-

ronmental data. It is likely that the scale and resolution of the potential covariates,

such as vegetation type or rainfall data, do not match the scale and resolution of the

survey data. Other factors such as competition with other species may also affect the

distribution of the species of interest, and similarly, the scale and resolution of this

data may not match the survey data. In these scenarios, it is very useful to be able
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to predict occupancies without having to rely on this “mismatched” data.

In addition, the spatio-temporal model produces a gradient surface of the direc-

tions in which dispersal is expected. Causes and patterns of colonization and extinc-

tion processes are fundamental concepts of ecology; our spatio-temporal occupancy

model is therefore valuable to biologists and theoretical ecologists to empirically test

their hypotheses.

5.4 Recommendations for Sampling Design Improvements

The creators of SABAP set strict protocols for their data collection, allowing for

complex, detailed analyses that would have otherwise not been an option. They

require that each survey be comprised of at least two hours of intensive birding, with

a maximum time period of five days spent on the checklist, and that the amount of

time spent birding be recorded. This type of observer effort information is important

in estimating detection probabilities and it allows one to monitor seasonal trends in

the data such as migration patterns.

The other important component of the protocol is to have a tight spatial resolution,

setting the sites’ sizes to be approximately 7× 7 km. This small scale is valuable for

resource managers for drawing wildlife-habitat associations; yet, it is a manageable

amount of area for a birder to traverse in a survey. Ideally, the size of a site would

be smaller to draw even more direct wildlife-habitat associations, but there must be

a balance between what is reasonable to ask of volunteers and what is best for the

analyses. Both the temporal and spatial requirements of SABAP should be emulated

by other atlas projects.

The SABAP administrators regularly put forth “challenges” to their volunteers to

encourage them to survey remote areas of South Africa and to increase the number of

surveys at some sites, which has led to a decently large sampling coverage. However,

it is a challenge for SABAP, indeed for any citizen science project, to get enough

surveys, especially for areas with low biodiversity. The occupancy model framework
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compensates for some of the uneven sampling of the sites; nonetheless, more surveys

need to be completed at the less diverse and/or less accessible areas.

Ideally, the SABAP database would be augmented with surveys from a hired

observer to regularly survey the areas of South Africa that are difficult to get to and

that are expected to have low biodiversity, i.e. the Karoo desert region. The hired

observer would also spend time making sure that there are greater than three surveys

per site per year at a selection of sites for each vegetation type and at the full range

of latitudes and longitudes of South Africa. If SABAP is unable to hire someone to

even out the sampling scheme, the SABAP administrators should continue with their

challenges to encourage the volunteers to reach these same goals.

5.5 Final Remarks

Within this dissertation, we have uncovered unique occupancy patterns and processes

using new methods for spatial occupancy models. As databases of presence-absence

records become larger and computing power increases, new methods can be exploited

to provide insight into the occupancy, dispersal, and persistence probabilities. We

hope that these models are used in conjunction with the SABAP data and with

other presence-absence data sets to answer important ecological questions on the

distributions and population changes of wildlife.
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Royle, J. A. and Kéry, M. (2007). A Bayesian state-space formulation of dynamic

occupancy models. Ecology, 88:1813–1823.
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HORNBILL SUPPLEMENTARY MATERIAL
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Figure A.1: The number of surveys per site, from the Southern African Bird Atlas
Project. Only data from sites that were included in our analysis are shown. Note
that the southernmost portion and an area in the north had no surveys and many
other sites were surveyed only once.



139

Figure A.2: The realized occupancy probabilities from the full Bayesian occupancy
model. The realized occupancy probabilities take into account the detection histories
of each site. If the species was detected at a site, then the realized occupancy prob-
ability equals one for that site. If the species was not detected, then the probability
represents the fraction of the MCMC iterations where the model estimated that the
site was occupied. The non-spatial occupancy model and the ICAR occupancy mod-
els from Table 1 produced nearly identical, maps. This map highlights the isolated
detections in the southern region that the models did not predict.
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Figure A.3: The realized occupancy probabilities from the full RSR model, restricted
to 160 columns. The realized occupancy probabilities take into account the detection
histories of each site. Note that compared to Appendix Figure A2, there is much
more variation in the predictions in the southern half of the data and that the realized
occupancy probabilities exhibit raised values near previous detections.
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Table A.1: The predicted quantiles and median occupancy probabilities from each of
the occupancy models fitted to the Southern ground hornbill data from South Africa.
The standard errors associated with the medians are given in parentheses next to the
estimate.

Model Occupancy probability (SE)
25% quartile 50% median 75% quartile

Full nonspatial 0.18 0.18 (0.028) 0.24
Middle nonspatial 0.18 0.18 (0.028) 0.24
Limited nonspatial 0.12 0.12 (0.017) 0.19
Full ICAR 0.18 0.18 (0.029) 0.25
Middle ICAR 0.18 0.18 (0.027) 0.24
Limited ICAR 0.12 0.12 (0.017) 0.19
Full RSR-400 0.18 0.18 (0.028) 0.24
Middle RSR-400 0.18 0.18 (0.029) 0.25
Limited RSR-400 0.06 0.14 (0.19) 0.4
Full RSR-160 0.1 0.23 (0.18) 0.49
Middle RSR-160 0.18 0.18 (0.027) 0.24
Limited RSR-160 0.12 0.12 (0.016) 0.19
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Appendix B

MYNA SUPPLEMENTARY MATERIAL
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B.1 Myna SABAP 2 data.

Figure B.1: Top: Detections of the common myna. The sites that are included in
our analysis are outlined in black. The myna was not detected in South Africa in
the SABAP 2 data outside of this area. Bottom: The number of surveys that were
conducted throughout South Africa.
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B.2 Model equations.

Process model:

Year 1:

z1 ∼ Bernoulli(ψ)

probit(ψ) = Xψβψ + Kα

α ∼ Normal
(
0, σ2 (K′QK)−1

) (B.1)

Years 2 to T :

zi,t | zt−1 ∼ Bernoulli(θi,t)

θi,t = zi,t−1φ+ (1− zi,t−1) INi,t−1
d̄i,t + (1− zi,t−1)

(
1− INi,t−1

)
γ

d̄i,t = 1− exp
(
z̃′Ni,t−1

ln (1− di)
) (B.2)

Observation model:

yi,j,t ∼ Bernoulli(zi,t · pi,j,t)

probit(pi,j,t) = Xpβp

(B.3)

Priors

βψ ∼ Normal (0, 5I)

σ ∼ Uniform(0, 100)

βp ∼ Normal (0, 5I)

φ ∼ Uniform(0, 1) ( φ = persistence probability )

γ ∼ Uniform(0, 1) ( γ = out of neighborhood dispersal )

(B.4)
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Homogeneous (Neighborhood) Dispersal:

for(k in 1:9 ){

di,k ∼ Uniform(0, 1)

}

(B.5)

Nonhomogeneous Neighborhood Dispersal:

probit(di) = βd,0 + βd,1xd,i

xd,i,k =
xi,k−xi
dist(i,k)

βd,0 ∼ Normal (0, 5)

βd,1 ∼ Normal (0, 5)

(B.6)
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B.3 List of symbols and their definitions.

z1 The true occurrences of the myna in year 1 for sites i = 1, . . . , n.

ψ The probabilities of occupancy in year 1.

Xψ The site-specific covariates that affect occupancy probabilities.

βψ The coefficients that determine how site-specific covariates affect occupancy.

Kα The spatial random effects from an RSR model.

K The eigenvectors from the Moran Operator Matrix.

Q The precision matrix from an ICAR model.

zi,t The occurence of the myna in year t at site i.

θi,t The probability that site i is occupied in year t = 2, . . . , T .

φ The persistence (site-survival) probability.

d̄i,t Probability of site i being colonized by its neighbors at time t. Alternatively, it

may be called the neighborhood dispersal probability.

γ Long-distance/ out-of-neighborhood dispersal probability.

INi,t−1 An indicator variable that equals 1 if any neighbor of site i is occupied at time

t− 1 and equals 0 otherwise.

z̃Ni,t−1
A vector of length 9 that indicates which neighbors of site i are occupied at

time t− 1.

di A dispersal vector of length 9. Each element represents the probability of site i

being colonized by neighbor k, k = 1, . . . , 9.

xd,i Used in the nonhomogeneous model. The habitat differences that influence the

dispersal to site i from its neighbors.

βd Used in the nonhomogeneous model. The coefficients that determine how the

habitat differences affect dispersal.

yi,j,t The observed occurrences of the species at site i on survey j at time period t.

pi,j,t Detection probability for survey j of site i at time t.

Xp The covariates that affect detection probabilities.

βp The coefficients that determine how the covariates affect detection.
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B.4 Derivation of the neighborhood dispersal vector.

d̄i,t = Prob( being colonized)

= 1− Prob( not being colonized)

= 1− (1− d1)z1 . . . (1− d9)z9

= 1−
(
eln(1−d1)

)z
1
. . .
(
eln(1−d9)

)z9
= 1− e

∑
ziln(1−di)

= 1− exp
(
z̃′Ni,t−1

log (1− di)
)

(B.7)
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B.5 Simulation study results.

Table B.1: Parameter estimates, true values, and relative biases from the simulation
study. Relative bias = (Estimated - True) / True. These simulations are from the
nonhomogenous neighborhood dispersal model with constant long distance disper-
sal. The “Available” columns indicate situations where year 1 was available to be
estimated; the “Estimated” columns refer to situations where the true year 1 was
excluded.

Available Estimated
Parameter Est. True Bias Est. True Bias

Detection prob. p 0.50 0.5 0.00 0.50 0.5 0.00
Persistance prob. φ 0.90 0.9 0.00 0.90 0.9 0.00
Long dist. dispersal γ 0.05 0.05 -0.09 0.20 0.05 2.95
Local dispersal, B1 βγ,0 -0.99 -1 -0.01 -1.05 -1 0.05
Local dispersal, B2 βγ,1 0.75 1 -0.25 1.02 1 0.02
Sites Occupied, Yr 0

∑
zi,0 NA NA NA 270 273 -0.01

Sites Occupied, Yr 1
∑
zi,1 272.5 276.5 -0.01 423 414 0.02

Sites Occupied, Yr 2
∑
zi,2 409.5 417 -0.02 550 543 0.01

Sites Occupied, Yr 3
∑
zi,3 541.5 547 -0.01 648 636.5 0.02

Sites Occupied, Yr 4
∑
zi,4 638.5 642 -0.01 717 708.5 0.01

Sites Occupied, Yr 5
∑
zi,5 702.5 708.5 -0.01 752 750 0.00

deviance 6794.3 7616.56
DIC 8720.9 9710.80
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Table B.2: Parameter estimates, true values, and relative biases from the simulation
study. Relative bias = (Estimated - True) / True. These simulations are from the non-
homogenous neighborhood dispersal model with varying long distance dispersal. The
“Available” columns indicate situations where year 1 was available to be estimated;
the “Estimated” columns refer to situations where the true year 1 was excluded.

Available Estimated
Parameter Est. True Bias Est. True Bias

Detection prob. p 0.50 0.5 0.00 0.50 0.5 -0.01
Persistance prob. φ 0.90 0.9 0.00 0.90 0.9 0.00
Long dist. dispersal βγ,0 -1.50 -1.5 0.00 -0.07 -1.5 -0.95

βγ,1 0.92 0.5 0.84 1.53 0.5 2.06
Local dispersal, B1 βd,0 -1.02 -1 0.02 -0.97 -1 -0.03
Local dispersal, B2 βd,1 1.11 1 0.11 0.84 1 -0.16
Sites Occupied, Yr 0

∑
zi,0 NA NA NA 203 284 -0.29

Sites Occupied, Yr 1
∑
zi,1 282.5 276 0.02 418 420 0.00

Sites Occupied, Yr 2
∑
zi,2 420 419.5 0.00 542 540.5 0.00

Sites Occupied, Yr 3
∑
zi,3 537 534.5 0.00 639 628.5 0.02

Sites Occupied, Yr 4
∑
zi,4 628 626 0.00 692 693.5 0.00

Sites Occupied, Yr 5
∑
zi,5 692 693.5 0.00 747 746 0.00

deviance 6742.4 7545.6
DIC 8654.4 9804.5
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Table B.3: Parameter estimates, true values, and relative biases from the simulation
study. Relative bias = (Estimated - True) / True. These simulations are from the
homogenous neighborhood dispersal model with constant long distance dispersal. The
“Available” columns indicate situations where year 1 was available to be estimated;
the “Estimated” columns refer to situations where the true year 1 was excluded.

Available Estimated
Parameter Est. True Bias Est. True Bias

Detection prob. p 0.50 0.5 -0.01 0.51 0.5 0.01
Persistance prob. φ 0.90 0.9 0.00 0.90 0.9 0.00
Long distance dispersal γ 0.06 0.05 0.20 0.09 0.05 0.74
dispersal[1] d1 0.19 0.2 -0.07 0.20 0.2 0.00
dispersal[2] d2 0.19 0.2 -0.03 0.17 0.2 -0.16
dispersal[3] d3 0.04 0.05 -0.25 0.05 0.05 -0.02
dispersal[4] d4 0.19 0.2 -0.06 0.19 0.2 -0.03
dispersal[5] d5 NA NA NA NA NA NA
dispersal[6] d6 0.05 0.05 0.08 0.06 0.05 0.27
dispersal[7] d7 0.05 0.05 -0.07 0.05 0.05 0.07
dispersal[8] d8 0.06 0.05 0.14 0.08 0.05 0.64
dispersal[9] d9 0.07 0.05 0.30 0.06 0.05 0.17
Sites Occupied, Yr 0

∑
zi,0 NA NA NA 249 274 -0.09

Sites Occupied, Yr 1
∑
zi,1 279.5 281.5 -0.01 363 359.5 0.01

Sites Occupied, Yr 2
∑
zi,2 368 369.5 0.00 457 447 0.02

Sites Occupied, Yr 3
∑
zi,3 450 448.5 0.00 536 525 0.02

Sites Occupied, Yr 4
∑
zi,4 523 523 0.00 592 584 0.01

Sites Occupied, Yr 5
∑
zi,5 587 582 0.01 638 634.5 0.01

deviance 5948.8 6566.9
DIC 7544.6 8522.9
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Table B.4: Parameter estimates, true values, and relative biases from the simulation
study. Relative bias = (Estimated - True) / True. These simulations are from the
homogenous neighborhood dispersal model with varying long distance dispersal. The
“Available” columns indicate situations where year 1 was available to be estimated;
the “Estimated” columns refer to situations where the true year 1 was excluded.

Available Estimated
Parameter Est. True Bias Est. True Bias

Detection prob. p 0.49 0.5 -0.01 0.50 0.5 0.00
Persistance prob. φ 0.89 0.9 -0.01 0.90 0.9 0.00
Long dist. dispersal βγ,0 -1.89 -1.5 0.26 -0.37 -1.5 -0.76

βγ,1 0.48 0.5 -0.04 1.16 0.5 1.33
dispersal[1] d1 0.18 0.2 -0.09 0.18 0.2 -0.09
dispersal[2] d2 0.21 0.2 0.05 0.22 0.2 0.08
dispersal[3] d3 0.06 0.05 0.28 0.05 0.05 0.00
dispersal[4] d4 0.22 0.2 0.09 0.20 0.2 -0.02
dispersal[5] d5 NA NA NA NA NA NA
dispersal[6] d6 0.05 0.05 -0.05 0.07 0.05 0.45
dispersal[7] d7 0.05 0.05 -0.10 0.06 0.05 0.13
dispersal[8] d8 0.05 0.05 -0.01 0.05 0.05 -0.07
dispersal[9] d9 0.04 0.05 -0.14 0.05 0.05 -0.03
Sites Occupied, Yr 0

∑
zi,0 NA NA NA 141 277.5 -0.49

Sites Occupied, Yr 1
∑
zi,1 272 272.5 0.00 370 375.5 -0.01

Sites Occupied, Yr 2
∑
zi,2 358.5 360 0.00 448 453 -0.01

Sites Occupied, Yr 3
∑
zi,3 437.5 437.5 0.00 514 516 0.00

Sites Occupied, Yr 4
∑
zi,4 513.5 522 -0.02 579 566.5 0.02

Sites Occupied, Yr 5
∑
zi,5 574.5 566.5 0.01 628 609 0.03

deviance 5805.7 6460.0
DIC 7329.1 8396.7
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B.6 Parameter estimates from model variants of the myna analysis.
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Table B.5: The estimated coefficient values from the nonhomogeneous, spatio-
temporal model, with latitude acting as the habitat gradient, as aplied to the myna
data.

NONHOMOGENEOUS DISPERSAL MODEL, F(LATITUDE)
Median (SE) 95 % CI Rhat

Detection Parameters (probit-scale):

Intercept -0.09 (0.02) -0.12 -0.06 1.00
INTENSIVE 0.11 (0.01) 0.09 0.12 1.00

LAT 0.31 (0.02) 0.28 0.35 1.00
LAT2 -0.47 (0.02) -0.51 -0.44 1.00

HUMAN POP 0.57 (0.01) 0.54 0.59 1.00
LONG 0.03 (0.02) 0.00 0.07 1.00

LONG2 -0.32 (0.01) -0.35 -0.30 1.00
Occupancy Parameters (probit-scale):

Intercept 0.04 (0.23) -0.41 0.54 1.01
LAT 2.20 (0.51) 1.49 3.44 1.03

HUMAN POP 0.83 (0.23) 0.45 1.34 1.01
Spatial Parameter:

sigma 5.57 (1.53) 3.69 9.71 1.06
Persistance Probability:

persist.prob 0.94 (0.01) 0.92 0.95 1.00
Long-distance dispersal probability:

disperse.long 0.01 (0.02) 0.00 0.06 1.00
Neighborhood Dispersal Parameters (logit-scale):

Intercept -1.64 (0.14) -2.01 -1.44 1.00
LAT -1.75 (0.66) -3.29 -0.69 1.00

Number of Sites Occupied:
Year 2008 638 (21.6) 596 680 1.01
Year 2009 655 (17.9) 620 690 1.00
Year 2010 672 (16.8) 640 705 1.00
Year 2011 689 (17.8) 655 725 1.00
Year 2012 709 (20.3) 671 751 1.00

Deviance Explained:
deviance 31643.65 (43.5) 31559.216 31730.769 1.00

DIC 32592.2
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Table B.6: The estimated coefficient values from the nonhomogeneous, spatio-
temporal model, with longitude acting as the habitat gradient, as applied to the
myna data.

NONHOMOGENEOUS DISPERSAL MODEL, F(LONGITUDE)
Median (SE) 95 % CI Rhat

Detection Parameters (probit-scale):

Intercept -0.09 (0.02) -0.12 -0.05 1.00
INTENSIVE 0.11 (0.01) 0.09 0.12 1.00

LAT 0.32 (0.02) 0.28 0.35 1.00
LAT2 -0.47 (0.02) -0.51 -0.44 1.00

HUMAN POP 0.57 (0.01) 0.54 0.59 1.00
LONG 0.03 (0.02) 0.00 0.07 1.00

LONG2 -0.33 (0.01) -0.35 -0.30 1.00
Occupancy Parameters (probit-scale):

Intercept -0.10 (0.21) -0.53 0.33 1.01
LAT 1.76 (0.39) 1.19 2.67 1.01

HUMAN POP 0.84 (0.22) 0.49 1.36 1.01
Spatial Parameter:

sigma 4.78 (1.17) 3.11 7.74 1.01
Persistance Probability:

persist.prob 0.93 (0.01) 0.92 0.95 1.00
Long-distance dispersal probability:

disperse.long 0.01 (0.01) 0.00 0.05 1.00
Neighborhood Dispersal Parameters (logit-scale):

Intercept -1.33 (0.06) -1.45 -1.20 1.00
LONG -1.42 (0.31) -2.02 -0.80 1.00

Number of Sites Occupied:
Year 2008 619 (26.2) 569 670 1.01
Year 2009 651 (20.2) 611 689 1.01
Year 2010 677 (18.1) 641 713 1.00
Year 2011 702 (18.1) 667 737 1.00
Year 2012 730 (19.6) 693 770 1.00

Deviance Explained:
deviance 31650.8 (42.5) 31568.4 31735.8 1.00

DIC 32555.0
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Table B.7: The estimated coefficient values from the nonhomogeneous model, with
long distance dispersal varying as a function of human density.

NONHOMOGENEOUS DISPERSAL, LONG-DISTANCE = F(POP)
Median (SE) 95 % CI Rhat

Detection Parameters (probit-scale):

Intercept -0.09 (0.02) -0.12 -0.05 1.00
INTENSIVE 0.11 (0.01) 0.09 0.12 1.00

LAT 0.32 (0.02) 0.28 0.35 1.00
LAT2 -0.48 (0.02) -0.51 -0.44 1.00

HUMAN POP 0.57 (0.01) 0.54 0.59 1.00
LONG 0.03 (0.02) -0.01 0.07 1.00

LONG2 -0.32 (0.01) -0.35 -0.30 1.00
Occupancy Parameters (probit-scale):

Intercept 0.02 (0.21) -0.38 0.46 1.01
LAT 2.14 (0.41) 1.52 3.13 1.01

HUMAN POP 0.87 (0.21) 0.51 1.32 1.02
Spatial Parameter:

sigma 5.02 (1.16) 3.40 7.76 1.01
Persistance Probability:

persist.prob 0.94 (0.01) 0.92 0.95 1.00
Long-distance Dispersal Parameters (probit-scale:)

Intercept -3.69 (1.13) -6.51 -2.16 1.00
HUMAN POP -0.12 (1.07) -2.32 1.96 1.01
Neighborhood Dispersal Parameters (probit-scale):

Intercept -1.06 (0.13) -1.31 -0.81 1.00
HUMAN POP -0.52 (0.16) -0.84 -0.21 1.00
Number of Sites Occupied:

Year 2008 636 (22.2) 591 678 1.02
Year 2009 653 (18.6) 616 689 1.02
Year 2010 673 (17.6) 640 708 1.01
Year 2011 695 (18.6) 660 732 1.01
Year 2012 720 (21.1) 681 764 1.01

Deviance Explained:
deviance 31655.4 (42.3) 31575.4 31740.6 1.00

DIC 32546.3
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Table B.8: The estimated coefficient values from the homogeneous model, with long
distance dispersal varying as a function of human density.

HOMOGENEOUS DISPERSAL, LONG-DISTANCE = F(POP)
Median (SE) 95 % CI Rhat

Detection Parameters (probit-scale):

Intercept -0.09 (0.02) -0.12 -0.05 1.00
INTENSIVE 0.11 (0.01) 0.09 0.12 1.00

LAT 0.31 (0.02) 0.28 0.34 1.00
LAT2 -0.47 (0.02) -0.50 -0.43 1.00

HUMAN POP 0.57 (0.01) 0.54 0.59 1.00
LONG 0.03 (0.02) 0.00 0.07 1.00

LONG2 -0.32 (0.01) -0.35 -0.30 1.00
Occupancy Parameters (probit-scale):

Intercept -0.24 (0.18) -0.60 0.12 1.02
LAT 1.69 (0.34) 1.15 2.48 1.01

HUMAN POP 0.84 (0.18) 0.53 1.22 1.01
Spatial Parameter:

sigma 4.57 (1.03) 3.12 7.05 1.01
Persistance Probability:

persist.prob 0.93 (0.01) 0.91 0.94 1.00
Long-distance Dispersal Parameters (probit-scale:)

disperse.long -3.780 (1.15) -6.552 -2.197 1.00
HUMAN POP 0.32 (0.77) -1.23 1.73 1.01
Number of Sites Occupied:

Year 2008 595 (26.5) 543 645 1.01
Year 2009 638 (19.0) 602 676 1.01
Year 2010 666 (16.9) 633 699 1.01
Year 2011 691 (17.2) 659 726 1.01
Year 2012 721 (19.2) 685 760 1.00

Deviance Explained:
deviance 31605.94 43.37 31522.96 31693.69 1.00

DIC 32547.25
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Table B.9: The estimated dispersal probabilities (and standard errors) from the ho-
mogeneous model with long distance dispersal varying as a function of human density.
These dispersal probabilities were estimated along with the parameters of Table B.8.

0.08 0.02 0.01
(0.04) (0.02) (0.01)
0.22 - 0.17

(0.06) (0.06)
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(0.05) (0.06) (0.16)
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Figure B.2: The standard deviations associated with each occupancy probability
estimate.
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Figure B.3: The standard deviations associated with the occurrence prediction at
each site.
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