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Thesis Abstract

Ecological forecasting plays a crucial role in understanding and predicting ecosystem

dynamics, enabling proactive conservation and management decisions. In recent years,

near-term ecological forecasting has gained significant attention due to the increasing un-

predictability of ecosystems in a changing environment. Forecasting species population

abundances is particularly critical, as population dynamics are shaped by complex inter-

actions between biotic (species-species) factors that influence population growth and abiotic

(species-environment) factors that impose environmental constraints. These interactions op-

erate across multiple spatial and temporal scales, presenting challenges such as missing data,

short time series that may not fully capture species responses to environmental change, and

uncertainties from sampling effort and ecological stochasticity; all of which increase the

difficulty of accurately forecasting population abundance.

Integrating data science with ecology has become essential to address critical challenges

in producing accurate forecasts that support timely and informed decision-making. Advance-

ments in data science offer powerful tools for combining diverse data sources and developing

sophisticated modeling frameworks. By using a probabilistic approach to integrate domain

knowledge with observational data and state-space models, we can account for uncertainty

and interactions across multiple species or locations, thereby improving predictive accuracy.

However, it is crucial that these approaches maintain ecological interpretability to ensure

their relevance for conservation and management. By combining statistical rigor with eco-

logical principles, data-driven methods can provide actionable insights while preserving the

ecological realism necessary for effective decision-making.

As the impacts of climate change intensify, arid ecosystems are emerging at the forefront

of ecological uncertainty. These environments are defined by extreme climatic variability,

with resource pulses driven by highly unpredictable rainfall events that vary significantly
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THESIS ABSTRACT

across both time and space. In addition, the nonlinear interactions between species and envir-

onmental factors further complicate ecosystem dynamics, making arid regions particularly

vulnerable to climate shifts. Given these complexities, developing robust models to fore-

cast population abundance in arid ecosystems is crucial for guiding conservation strategies

and ensuring the resilience of species in these landscapes, particularly as climate change

continues to exacerbate environmental instability. The framing of this research project was

therefore to examine carefully how we should design, implement and evaluate models when

forecasting population abundance.

The first aim of my thesis was to evaluate the robustness and limitations of multivariate

auto-regressive state-space (MARSS) models in modeling and forecasting population abund-

ance from both ecological and data science perspectives (Chapter 2). Using a case study that

applied MARSS models to infer the abundance of native small mammal populations across

nine locations in central Australia over 17–22 years, I examined whether the statistical as-

sumptions of these models align with the ecological processes they aim to represent. The

long-term desert mammal live-trapping study conducted by the Desert Ecology Research

Group (DERG) used in the case study proved to be a highly valuable resource for ecolo-

gical forecasting, as it maintained consistent trapping methodologies, broad spatial cover-

age, and multi-species monitoring. I found that MARSS models assumed a common process

across locations when species exhibited similar dynamics across sites, whereas for species

with site-specific dynamics, abundance variability was influenced by different processes at

each location. Density dependence and two-way species interactions were significant across

all species. On the other hand, the white-noise properties of residuals depended on both

the length of the time series and species-specific responses to environmental variability and

non-normal residuals appeared randomly, with no consistent pattern, which is expected in a

highly variable environment. These findings highlight that MARSS models are most robust

when their assumptions align with species-specific ecological dynamics, account for spatial

variability in biotic and abiotic factors, and incorporate appropriate error structures to reflect

environmental uncertainty. However, MARSS models face limitations in forecasting pop-

ulation abundance, particularly in capturing nonlinear interactions, and their computational

efficiency declines as the number of species or covariates increases.
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The second aim of my thesis was to evaluate how different imputation methods respond

to factors such as time series length, missing data patterns, and sample variations, and to

determine their impact on the precision of population abundance predictions (Chapter 3). To

investigate this, I conducted a simulation study using 17 years of abundance data for a single

rodent species at one location, drawn from the long-term DERG dataset analyzed in Chapter

2. Applying three single imputation techniques and a multiple imputation method, I found

that in time-dependent population abundance datasets, the choice of imputation method had

minimal influence on abundance predictions, regardless of the quantity or temporal place-

ment of missing values. This observation was consistent, even when the compounding effect

of missing values was considered in a cumulative approach and the performance of each

imputation method was evaluated. As a result, the interpretability and ecological relevance

of predicted abundances remained largely unaffected by the selected imputation approach.

However, as single imputation methods fail to capture the complexity of ecological time

series, multiple imputation methods that account for covariate relationships such as rainfall,

more effectively preserve trends and reduce prediction uncertainty.

The third aim of my thesis was to determine the optimal balance between model training

length and forecast horizon for forecasting population abundance (Chapter 4). Given the

limitations of MARSS models identified in Chapter 2, I employed multivariate generalized

additive models (MVGAM) with various trend models to capture spatial and species-level

dynamics while incorporating nonlinear environmental and climatic effects specific to each

species. For this analysis, I used an extended version of the DERG dataset, including ad-

ditional data from 2013 to 2022, focusing on two small mammal species with contrasting

population dynamics across seventeen sites. By testing two training lengths and three fore-

cast horizons, I found that even models trained on smaller datasets can generate reliable

forecasts if they effectively capture varying high-low trends. However, forecast uncertainty

increases with longer horizons and for highly dynamic species. By exploring different trend

models, I emphasized the importance of balancing computational efficiency with model ac-

curacy. Importantly, I found that incorporating dominant vegetation species as a proxy for

broader environmental conditions can significantly reduce the need for exhaustive data col-

lection while maintaining predictive power.
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The fourth and final aim of my thesis was to generate near-term forecasts of population

abundance (Chapter 5). Building on the analysis in Chapter 4, I used the same extended

DERG dataset, species, and MVGAM model to produce real abundance forecasts for two

near-term horizons. Since future covariate measurements are unavailable, I incorporated

projected rainfall data under different climate change scenarios and assessed the uncertainty

in abundance forecasts. I found that highly variable species are particularly sensitive to

environmental shifts, with climate change scenarios triggering significant changes in their

population dynamics particularly in the short near-term time frame. In contrast, more stable

species exhibit muted responses, suggesting greater population resilience across both the

horizons. Therefore, evaluating forecast envelopes over near-term time frames is crucial

for aligning conservation efforts with the expected temporal scale of ecological change. In

addition, I found that the impact of climate change scenarios on forecasts also depends on

the availability of observed data, highlighting the need for continued monitoring to improve

predictive accuracy. However, throughout the analysis in each chapter, we observed that

the significance of environmental and climatic variables affecting the species population

abundance varied according to the statistical model used and the range of data used to train

the model.

The results of this thesis underscore the importance of integrating data science with eco-

logical principles to enhance the accuracy and interpretability of population abundance fore-

casts. By critically evaluating modeling approaches, imputation methods, and forecasting

strategies, I have demonstrated how data-driven techniques can improve our ability to an-

ticipate population dynamics, particularly in arid ecosystems experiencing rapid environ-

mental change. The findings highlight the need for flexible and ecologically informed mod-

els that account for nonlinear interactions, spatial heterogeneity, and uncertainty in environ-

mental drivers. As ecological forecasting continues to evolve, interdisciplinary approaches

will be essential for supporting proactive conservation and management efforts, ensuring

the resilience of small mammal populations in the face of ongoing climate change. Future

research should focus on using more sophisticated statistical models that better capture eco-

system complexities such as lagged dependencies of environmental and climate variables,

integrate diverse data sources, such as field-surveyed abundance data with remote sensing
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or camera trap data to enhance temporal resolution and incorporate projected vegetation

variables alongside climate projections to provide a more comprehensive understanding of

habitat dynamics and species responses to environmental change. These advancements will

further refine ecological forecasts, supporting more effective conservation strategies in an

increasingly uncertain world.
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CHAPTER 1

General Introduction

1.1 Introduction

Population dynamics are driven by a complex interaction of biotic and abiotic factors that

regulate species abundance and distribution over space and time. Biotic factors, such as dens-

ity dependence, competition for resources and predation influence the population growth,

while abiotic factors such as climate, resource availability and habitat shape populations by

imposing environmental constraints (Andrewartha and Birch, 1954; Elith and Leathwick,

2009). These processes function across multiple spatial and temporal scales, resulting in

fluctuations that reflect both deterministic and stochastic influences on ecological systems.

Despite well-established ecological principles, obtaining accurate estimates of population

abundance is often hindered by challenges such as limited data availability, imperfect detec-

tion, and the stochastic nature of population dynamics (Tilman et al., 1997). To overcome

these obstacles, modeling frameworks serve as powerful tools for integrating diverse data

sources, accounting for uncertainty, and disentangling the contributions of biotic and abiotic

drivers of population abundance (Ehrlén and Morris, 2015; Iijima, 2020).

Why do ecologists need data scientists? is a question that has gained increasing relevance

in recent years due to the challenges of understanding and modeling population dynamics

in complex ecosystems (Blair et al., 2019). Long-term ecological data are often sparse,

noisy and collected across multiple spatial and temporal scales, making traditional analytical

approaches insufficient to capture the underlying patterns and processes (Clark, 2005). Ad-

vances in data science, particularly the shift from frequentist to probabilistic approaches and
1
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the ability to integrate domain knowledge with observational data through Bayesian frame-

works, provide ecologists with robust tools to analyze heterogeneous datasets, account for

uncertainty and improve predictions of species abundance and distribution (Clark and Bjørn-

stad, 2004; Cressie et al., 2009). Furthermore, computational efficiency is a critical factor

in ecological modeling, as timely decision-making depends on models that can estimate

population parameters effectively. The integration of data science into population modeling

has significantly enhanced computational performance, enabling more efficient and scalable

analyses (Levin et al., 1997; Green et al., 2005; Tikhonov et al., 2020; Zurell et al., 2022).

As ecological systems become increasingly influenced by extrinsic and intrinsic factors, the

fusion between ecology and data science is important to gain a deeper understanding of com-

plex systems and generate accurate forecasts of population dynamics, ultimately informing

conservation and management strategies (Green et al., 2005; Miller et al., 2019; Isaac et al.,

2020).

1.2 Coherence of ecological and statistical assumptions

Ecologists collect data on the number of individuals in populations over time, and across

multiple populations. Unlike data automatically captured by electronic systems (e.g., re-

mote sensing technologies; Rowcliffe and Carbone (2008); Boswell et al. (2017); Lahoz-

Monfort and Magrath (2021)), these time series of population abundances are both labour

and resource-intensive to collect (Humbert et al., 2009) and are therefore susceptible to vari-

ous sources of error. Observation error refers to inaccuracies in recorded data that arise

during the measurement process, such as field conditions, untrained observers, logistical

and financial constraints, misidentifications due to lack of technical expertise, inconsistent

sampling effort and human error which occurs because true population sizes are rarely known

and are typically estimated rather than directly censused. In contrast, process error captures

the intrinsic biological and ecological variability in population dynamics due to factors such

as birth, death, dispersal, and environmental fluctuations. Importantly, observation error

affects our ability to correctly measure the population, whereas process error reflects real

drivers of population fluctuations over time.
2
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State-space models have proven highly effective in addressing these challenges, as they can

accommodate missing data and simultaneously incorporate both observation and process

errors (De Valpine and Hastings, 2002; Clark and Bjørnstad, 2004; Dennis et al., 2006; Royle

and Dorazio, 2008; Auger-Méthé et al., 2021; Lofton et al., 2022). One of the main reasons

for the widespread use of state-space models in population dynamics is that the failure to

account for observation error will result in biased estimation of abundance and population

growth parameters (Hostetler and Chandler, 2015), such as density dependence strength,

population trends and extinction risks (Link and Nichols, 1994; Shenk et al., 1998; Dennis

et al., 2006; Knape and de Valpine, 2012).

In statistics, state-space models are a class of time series models that rely on assumptions

about observation and process errors to ensure statistical validity. In ecology, these mod-

els are ideally positioned to describe key dynamics, such as density dependence, predator-

prey interactions, and spatial correlations in abundance. For example, De Valpine and Hast-

ings (2002) recommended the numerically integrated state-space (NISS) method, which can

handle nonlinear, non-Gaussian dynamics, over least-squares methods for the Beverton-Holt

model and, for the Ricker model, unless process or observation error is small and the pop-

ulation dynamics are simple. Building on this, De Valpine (2003) highlighted the value

of Monte Carlo state-space likelihood methods to improve inference in population models

with complex dynamics or multiple species, demonstrating that they provide more accurate

parameter estimates than General Linear Models (GLMs) like ANOVA, particularly in the

presence of high process noise, and emphasizing the need for computationally intensive yet

ecologically realistic statistical approaches. On the other hand, Humbert et al. (2009) high-

lighted the superiority of exponential growth state-space models (EGSS) over models that

either consider process or observation error particularly when dealing with short time series,

missing values, and varying levels of uncertainty. Supporting this, Clark and Bjørnstad

(2004) warned that failing to account for missing data, autocorrelated errors, and latent pop-

ulation dynamics can result in incorrect parameter estimation, leading to misrepresentation

of population trends and their drivers. Despite these advances, previous research highlights

a persistent gap between the ecological assumptions about how populations behave in the

real world and the statistical assumptions underpinning the models used to represent those

3
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processes. This lack of coherence refers to instances where the structure, error processes,

or dynamics specified in the model do not align with ecological theory or observed system

behaviour, potentially leading to biased inference, poor predictive performance, or misinter-

pretation of ecological processes (Rykiel Jr, 1996). In ecological time series and forecasting

applications, ensuring coherence is particularly important because model-based decisions

often inform conservation and management actions under uncertainty. When model assump-

tions diverge from ecological realities, the reliability of forecasts and the trust placed in them

can be undermined (Schmolke et al., 2010). This disconnect underscores the importance of

further investigation to ensure coherence between statistical and ecological assumptions in

population abundance modeling (De Valpine, 2003; Earl, 2019).

1.3 Missing values and uneven sampling intervals

Population abundance time series data often exhibit uneven sampling intervals due to missing

observations, which arise from constraints such as budget limitations, logistical challenges,

time constraints, and insufficient personnel (Humbert et al., 2009; Bowler et al., 2025). For

example, the funding cycles of research projects (typically 3-5 years) often hinder the ability

to maintain consistent, long-term monitoring, resulting in sparse datasets (when useful data

are rare; mostly zero for true absences and missing values) with only occasional sampling

opportunities. Furthermore, uncontrollable factors such as extreme weather events can im-

pede access to study sites, disrupting planned data collection efforts (Ter Braak et al., 1994;

Bowler et al., 2025). When analyzing data from multiple sites, missing observations fre-

quently occur at the beginning of a time series if new sites are added mid-project as part of

revised research objectives. Sampling priorities and strategies also tend to shift over time

to address emerging research questions (e.g., Dickman et al. (2014)). Additionally, the al-

location of limited resources across multiple sites reduces the likelihood of sampling every

location during each survey, further complicating the consistency and completeness of pop-

ulation datasets.

Missing data in time series can present significant analytical challenges, particularly for

models requiring complete data or those sensitive to temporal gaps, such as variants of
4
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Autoregressive integrated moving average (ARIMA) models (Ward et al., 2014). If not

handled appropriately, missing observations can introduce biases, reduce the precision of

estimates, and compromise the validity of conclusions (Nakagawa and Freckleton, 2008;

Van Buuren, 2018). Consequently, a range of statistical techniques have been developed

to address missing data by imputing values rather than excluding incomplete observations

(Carpenter et al., 2025). These methods include single imputation, multiple imputation, and

likelihood-based approaches (Schafer and Graham, 2002; Azur et al., 2011; Van Buuren and

Groothuis-Oudshoorn, 2011; Penone et al., 2014). Each approach offers distinct advantages

and trade-offs, depending on the characteristics of the dataset and the goals of the analysis.

Despite considerable research comparing imputation techniques, important gaps remain in

our understanding of their performance in population abundance time series. One critical

question is whether the position of missing values within a time series influences the accur-

acy and reliability of imputed data. For example, missing values at the beginning, middle, or

end of a time series may impact imputation quality differently due to variations in temporal

dependencies and trends. Another important consideration is the effect of the number of

imputed values on the overall integrity of the time series. Excessive imputation may intro-

duce noise or bias, potentially altering the conclusions drawn from the data. These issues

are particularly relevant for species abundance datasets, which often exhibit high variability,

small sample sizes, and complex temporal structures (Auger-Méthé et al., 2021; Łopucki

et al., 2022). Addressing these gaps requires a thorough evaluation of the interplay between

imputation methods, the temporal placement of missing values, and the proportion of miss-

ing data. Such efforts are essential to ensure that imputation techniques enhance, rather than

compromise, the validity of population abundance models and the ecological insights they

provide (Chapon et al., 2023).

1.4 Hindcast, Prediction and Forecast

Accurately modeling population abundance of species over time with the goal of forecast-

ing into the future requires a structured approach to data partitioning, model evaluation, and
5
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uncertainty quantification. A common practice in time-series modeling is to split the avail-

able dataset into a training set for model fitting and a testing set for evaluating predictive

performance. This ensures that models are assessed on unseen data, preventing overfitting

and providing a realistic measure of their generalizability (Dietze, 2017). Once a model

is fitted on the training set, the next steps involve a three-step process. First, hindcasting

involves making predictions to the training set using the fitted model, which is considered

as an internal validation technique to assess whether the model has accurately captured the

historical patterns and trends in species abundance. This step is critical, particularly for eco-

logical forecasting, where models must replicate known population dynamics before being

trusted for future predictions (Dietze et al., 2018). For this step, various model types have

been used in literature ranging from state-space models (Auger-Méthé et al., 2021), gener-

alized additive models (Wood, 2017), and hierarchical Bayesian frameworks (Dorazio and

Karanth, 2017). The second step in prediction is to estimate the species abundance in the

testing dataset, which consists of observations not used during model fitting. This step allows

for an objective evaluation of how well the model generalizes beyond the data it was trained

on. Key performance metrics such as the root mean squared error (RMSE) and mean abso-

lute error (MAE) are commonly used to quantify the predictive accuracy of point estimates

(Hyndman and Koehler, 2006; Ward et al., 2014). However, with the advancement of stat-

istical techniques, probabilistic modeling approaches have led to the development of scoring

rules that evaluate predictions based on their entire distribution rather than single-point es-

timates. These scoring rules offer flexibility, accommodating both univariate and multivari-

ate models with discrete or continuous response variables. For example, species population

abundance, when represented as raw counts, can be evaluated using discrete scoring rules,

whereas standardized abundance estimates can be assessed using continuous scoring rules

(Gneiting and Raftery, 2007; Simonis et al., 2021). On the other hand, probabilistic model-

ing techniques (e.g., Basyesian approaches) offer the comfort of quantifying the uncertainty,

allowing researchers to assess confidence in abundance predictions, which is crucial in eco-

logical applications where decision-making depends on uncertainty estimates (Clark, 2005).

Forecasting, step three of the process, extends beyond within-sample prediction by estimat-

ing species abundance into the future, often under changing environmental conditions (the

6
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concept of near-term ecological forecasting; Dietze (2017); Dietze et al. (2018)). Forecasts

require not only an accurate abundance model but also projections of covariates, such as

temperature, rainfall, and vegetation measurements. This poses additional challenges; 1) fu-

ture covariates must be obtained from external sources, such as climate model projections

Beaumont et al. (2007) and 2) the absence of observed future abundances makes direct eval-

uation of forecast accuracy impossible, leading to iteratively update the modeling framework

as new observational data become available (Dietze, 2017).

Two key challenges in the three-step process are determining the optimal training length

on which the models are trained on and forecast horizon — the duration into the future for

which predictions remain reliable, mostly tested using the testing set. Previous studies have

shown that shorter training lengths may fail to capture long-term dynamics, while overly

long training periods might introduce outdated spatio-temporal patterns, reducing forecast

accuracy (Ward et al., 2014; Petchey et al., 2015). However, a significant knowledge gap re-

mains in the trade-off between the training length and forecast horizon for population models

to acquire accurate predictions. In addition, integrating real climate projections into species

abundance models remains an ongoing challenge (Schwartz, 2012). Therefore, robust mod-

eling frameworks are needed to effectively generalize abundance forecasts under a range

of plausible future climate scenarios to support decision making processes in conservation

and management. What is needed to advance the forecasts of population abundance is a

system that experiences rapid environmental change and a suite of species with contrasting

life-histories that are sufficiently short-lived to respond with the survey time period. This is

what motivated our focus on small mammals in arid Australia.

1.5 Small mammals and arid environments

Small mammals in arid environments often experience dramatic fluctuations in population

abundance due to variations in resource availability driven by climatic conditions and inter-

species interactions (Kelt, 2011; Meserve et al., 2011; Mason-Romo et al., 2018). However,
7
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unlike arid regions in the Northern Hemisphere, Australian deserts are shaped by unpredict-

able and irregular extreme rainfall events. These events trigger vegetation pulses that lead

to population “‘booms”, followed by sudden drops (“busts”) during extended dry periods

(Letnic et al., 2011; Morton et al., 2011; Mason-Romo et al., 2018; O’Connell and Hal-

lett, 2019; Stringer et al., 2024). The Simpson Desert in central Australia, characterized

by extreme climatic variability (Van Etten, 2009), is home to small mammal populations

exhibiting both highly dynamic and stable patterns, making it an ideal study system for un-

derstanding population dynamics and forecasting abundance (Dickman et al., 2010; Letnic

et al., 2011; Dickman et al., 2014). Our focus was on the rodents and dasyurids, weighing

<500 g, for their contrasting population dynamics across both temporal and spatial scales.

Further details of these species are provided in the Thesis Overview below and in Chapter 2.

1.6 Thesis Aims

The specific aims of this thesis and chapters that they are addressed in are as follows:

(1) To investigate the statistical robustness of multivariate state-space models while

preserving ecological realism in modeling small mammal population abundance

(Chapter 2);

(2) To evaluate the sensitivity of imputation methods to time series length, the quantity

and temporal positioning of missing values, and variations across different samples.

In addition, to assess the impact of imputation method on the precision and accuracy

of population abundance predictions (Chapter 3);

(3) To identify the optimal combination of model training length and forecast horizon

for forecasting population abundance using Bayesian multivariate generalized ad-

ditive models (Chapter 4);

(4) To generate near-term forecasts of population abundance using projected rainfall

data under climate change scenarios and quantify the associated forecast uncertainty

(Chapter 5).
8
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1.7 Overview of the Thesis

This chapter (Chapter 1) provides a general overview of the key challenges and concepts

involved in modeling and forecasting population abundance. This chapter then establishes

the general aims of the thesis.

The first aim of my thesis was to validate the coherence between ecological and statistical as-

sumptions in multivariate state-space models (Chapter 2). To achieve this, I used Greenville

et al. (2016) as a case study, focusing on native small mammal populations (five species of ro-

dents and dasyurids) of the Simpson Desert (across nine spatially separated sites). I began by

examining the characteristics of the study system, including the spatio-temporal dynamics of

these populations, and investigating how decades-long (from 1990 to 2012 (23 data points))

field surveys were conducted to collect live capture counts, environmental measurements,

and climate data from local weather stations. The chapter details the process of converting

manually collected count data into population abundance estimates while addressing chal-

lenges posed by varying sampling efforts. I refitted the case study’s population state-space

abundance model and evaluated the model assumptions to ensure both statistical and ecolo-

gical validity. Statistically, this includes analyzing residuals; the differences between model

predictions and observed counts, to check if they exhibit white noise and follow a normal

distribution, ensuring no systematic patterns remain unexplained. Ecologically, the chapter

examines how species with different population dynamics balance observation and process

errors within the model across different locations within the study site.

The second aim of my thesis was to evaluate the sensitivity of different imputation techniques

to various characteristics of missing values in a population abundance time series (Chapter

3). Using the same decades-long dataset from Chapter 2, I focused on the spinifex hopping

mouse (Notomys alexis) at one of nine study sites. However, since the original dataset con-

tained only 23 data points (1990 – 2012), I conducted a simulation study to ensure a more

robust evaluation of imputation methods. Time series of varying lengths (60, 90, 900, and

9000 years) were simulated to reflect the characteristics of the original dataset, with 50 data-

sets generated for each length to capture the species’ diverse “boom-bust” dynamics driven
9
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by rainfall variability. Four imputation methods were examined: the novel multivariate im-

putation by chained equations (MICE) as a multivariate approach, alongside three single

imputation techniques. First, I explored the most suitable simulation length to provide in-

sights into the minimum simulated time series length required for effective modeling. Next,

the performance of each imputation method was evaluated across three key characteristics of

missing values: (1) the temporal position (beginning, middle, or end of the time series), (2)

whether missing values occurred as continuous runs or irregularly and (3) the proportion of

missing values. The missing values were imputed cumulatively, taking into account their se-

quential arrangement (Chapter 3). Additionally, the variation in imputation outcomes across

different simulated samples was analyzed. Finally, I assessed the effectiveness of each im-

putation method in predicting the abundance of N. alexis under these varying missing data

scenarios, providing a comprehensive evaluation of their suitability for modeling population

abundance.

The third aim of my thesis was to identify the optimal combination of model training length

and forecast horizon for forecasting population abundance (Chapter 4). This analysis was

based on the same study site used in the previous chapters, but now extended to include data

from 2013 to 2022. The inclusion of these additional years was crucial, as field surveys

have been conducted consistently by the Desert Ecology Research group at the University of

Sydney since 1990, providing a long-term dataset that enhances the robustness and relevance

of the modeling efforts. First, I performed extensive data cleaning on the new dataset, which

included population counts of the species as well as environmental and climate factors. Then,

I explored two splits of the training length; 50% and 80% and three forecast horizons; 2

years, 10 years and forecasting for all remaining years. I used this approach to examine the

trade-off between using a larger portion of the data for training versus allocating more for

testing and to predict both short-term and long-term population trends. For this, I used a

novel Bayesian multivariate generalized additive model (MVGAM) (Clark and Wells, 2023;

Karunarathna et al., 2024) on two species showing contrasting dynamics; rodent, the sandy

inland mouse (Pseudomys hermannsburgensis) and small insectivorous dasyurid, the lesser

hairy-footed dunnart (Sminthopsis youngsoni).
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The fourth aim of my thesis was to incorporate insights from the previous chapters and

generate near-term forecasts of population abundance (Chapter 5). This chapter extends

Chapter 4, using the same dataset, species, and model to obtain abundance forecasts for

4 and 12 years into the future. However, since covariate measurements for future years

are unavailable, I used projected rainfall data under different climate change scenarios to

assess potential impacts on population abundance and forecast variability. Since observed

population counts for future years are unavailable, I evaluated the uncertainty associated with

these forecasts to provide insights into making informed decisions on the conservation and

management of small mammal populations.

Finally, in Chapter 6, I provide a summary discussion and general conclusions based on my

work, placing my findings in the context of the current literature. My key results highlight the

importance of aligning statistical model assumptions with ecological relevance to enhance

the robustness of population forecasts. I demonstrate that effective imputation techniques can

maintain reliability across different patterns of missing data, allowing for accurate long-term

predictions even with small datasets and high uncertainty. Furthermore, I show that fore-

cast reliability of population abundance differs across near-term horizons, climate change

scenarios, and data availability, underscoring the need for adaptive modeling approaches in

ecological forecasting. I conclude the chapter by outlining potential directions for future

research.
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CHAPTER 2

Ecological relevance and statistical robustness of multivariate

state-space models for population abundance modeling

2.1 Introduction

Long-term ecological monitoring plays a vital role in providing the foundational data re-

quired to understand ecological systems and validate models. Such datasets provide in-

valuable insights into population dynamics as they allow researchers to capture trends and

patterns that emerge over extended temporal scales. They facilitate the detection of trends

over an extended period of time, spatial heterogeneity, and interactions between populations

and environmental factors. However, obtaining and maintaining long-term datasets is fraught

with challenges (Lindenmayer et al., 2012; Kuebbing et al., 2018). Longer (>10 years) and

multi-site studies facilitate datasets that often span periods longer than government funding

cycles or the tenure of research programs, making sustained support difficult (Lindenmayer

and Likens, 2011). As a result, researcher-driven long-term datasets are often built from

smaller, short-term studies aggregated over time, rather than being explicitly designed for

long-term monitoring, but for an exception of a species abundance dataset collected over

40-years see The Portal Project (White et al., 2019). Alternatives driven by the need to sup-

port long-term research funding and infrastructure include nationally-coordinated programs

such as the US National Science Foundation Long Term Ecological Reseach (LTER) net-

work which has supported a mix of up to 27 sites since 1980, with 10-year reviews needed

(https://lternet.edu/vision-mission/). In Australia, the Terrestrial Ecosystem Research Net-

work (TERN), established in 2012, is an initiative that provides infrastructure for data col-

lection, storage, and sharing across Australian ecosystems. A key component of TERN is its
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integration of new and pre-existing long-term terrestrial plot networks, with data spanning

from several years to decades across various habitats (Burns et al., 2014). TERN has contrib-

uted support to the ongoing DERG datasets since 2012. Other national and international net-

works that support long-term data collection include the Amazon Forest Inventory Network

(RAINFOR; Malhi et al. (2002)), the Landsat archives (Wulder et al., 2012), the National

Ecological Observatory Network (NEON; Keller et al. (2008)), and the International Long

Term Ecological Research Network (ILTER), which coordinates regional networks across

Asia/Pacific, Europe, Africa, North America and Central / South America. These initiatives

have the potential to create valuable global datasets for current and future research (Kim,

2006). However, they are relatively recent and have limited temporal coverage, with per-

sistent challenges such as inconsistent methodologies (White et al., 2007), restricted spatial

representation, and the absence of comprehensive ecological contexts in publicly accessible

data (but see the Global Population Dynamics Database (GPDD), which compiles data on

population dynamics across a range of species and ecosystems) (Malhi et al., 2002; Keller

et al., 2008; Wulder et al., 2012).

Even with extensive datasets, the observed time series of population abundances cannot be

directly equated with true abundances. Observations are affected by two key sources of

uncertainty: observation error, which results from measurement inaccuracies and sampling

variability, and process error, which arises from the stochasticity inherent in demographic

and environmental processes. Historically, models often assumed one of these errors to be

constant, a simplification driven by computational limitations (Humbert et al., 2009). The

advent of state-space models addressed this issue by allowing researchers to simultaneously

account for both types of error, offering a more nuanced and realistic representation of pop-

ulation dynamics (De Valpine, 2003; Buckland et al., 2004; Fukasawa et al., 2013; Iijima

et al., 2013; Auger-Méthé et al., 2021; Lofton et al., 2022).

The multivariate autoregressive state-space (MARSS) framework extends state-space mod-

els further by incorporating multi-dimensional data, such as time series from multiple sites or

species, to improve parameter estimation and provide insights into spatial and temporal dy-

namics (Holmes et al., 2012; Greenville et al., 2016). This approach is particularly valuable
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for identifying spatial heterogeneity and understanding the drivers of sub-population struc-

tures, both of which are critical for effective conservation and management. The Bayesian

framework of the MARSS model further extends the traditional approach by integrating prior

ecological knowledge of the system and providing a more comprehensive quantification

of uncertainty. However, the coherence between the statistical assumptions underpinning

MARSS models and the ecological realities they aim to represent remains an underexplored

aspect in the literature. For instance, how changes in assumptions about observation and pro-

cess errors such as assuming variable error variances across locations and/or if year-to-year

population changes correlate among locations influence model outcomes and whether these

models remain statistically sound under varying ecological scenarios are critical questions

that require further exploration.

For our study, we used a long-term plot-based monitoring study in the Simpson Desert, cent-

ral Australia (hereafter referred to as the ‘DERG dataset’). This ongoing field-survey focuses

on native small mammal populations in a highly variable environment characterized by ex-

tremes, making it one of the most challenging datasets to model and forecast (Dickman et al.,

2014). Given the increasing variability in global environments, studying ecosystems like the

Simpson Desert; prone to environmental conditions such as prolonged drought, floods and

wildfires resulting from extreme climate fluctuations, becomes crucial. This dataset exempli-

fies the typical challenges faced in the collection of ecological data, where limited resources

and practical concerns, such as safety and access to study sites, can complicate the pro-

cess. In addition, the DERG dataset includes time series of varying lengths across different

sites due to the gradual expansion of monitoring efforts and the addition of new study loc-

ations over time. Despite growing from a combination of short-term targeted projects into

a long-term survey, the strength of the DERG dataset lies in its consistent data collection

methodology over time and across spatially separated sites (Dickman et al., 2014).

Building upon the work of Greenville et al. (2016), which used the DERG dataset (from

1990 to 2012) and MARSS models in the Bayesian framework, we aim to address the fol-

lowing questions: (1) Does the DERG dataset effectively address the common challenges
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faced by other long-term population datasets, and how suitable is it for forecasting popu-

lation abundance?; (2) How robust are MARSS models in modeling population abundance

when assessed from both ecological and data science perspectives?; and (3) What are the

limitations of MARSS models in modeling population abundance, and how reliable are they

for forecasting?

For question 1, we expect that the DERG dataset has accounted for common challenges

in long-term population datasets, such as inconsistencies in data collection, spatial hetero-

geneity, and missing data. We predict that the dataset’s long temporal span, diverse habitat

types, and consistent trapping methods across sites will make it well-suited for forecasting

population abundance. For question 2, we anticipate that the robustness of MARSS models

will be strengthened when the statistical assumptions underlying the models align with the

ecological processes they aim to represent. We expect the validity of these assumptions to

be influenced by the length of the time series for each species at each site, as well as by the

species’ responses to varying environmental conditions. However, for question 3, we predict

that the MARSS models may face limitations, such as difficulty in capturing nonlinear ef-

fects, becoming computationally complex and parameter-heavy as the number of species or

covariates increases, and potential biases in forecasts if observational or process errors are

misspecified or underestimated.

2.2 Material and methods

2.2.1 Study location

Long-term sampling in the Simpson Desert, Australia, has been conducted by the Desert

Ecology Research Group (DERG) at the University of Sydney since 1990 (Wardle and Dick-

man (2015), Wardle and Dickman (2018a), Wardle and Dickman (2018b), Wardle and Dick-

man (2018c), unpublished data from 2018). The Simpson Desert covers 170,000 km2 of

mainly dune fields (73%), with the remainder comprising clay pans, rocky outcrops, and

gibber plains (Shephard, 1992). The sand dunes, influenced by the prevailing southerly
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winds, run in a parallel north-south direction, reaching heights of up to 10 m and spaced 0.6

to 1 km apart (Purdie, 1984). The vegetation of the dune fields is characterized by spinifex

grasslands (Triodia basedowii) with scattered shrubs (Acacia, Eremophilla, Grevillea), eph-

meral forbs and a variety of other perennial and annual grasses; interspersed are wide swales

dominated by Georgina Gidgee woodlands (Acacia georginae), or mallee eucalypts (Wardle

et al., 2015).

The climate of the Simpson Desert exhibits significant variability, alternating between pro-

longed dry “bust” periods and short yet highly productive “boom” periods driven by summer

rainfall (Dickman et al., 2010; Greenville et al., 2013). Daily temperatures usually exceed

40°C in summer and fall below 5°C in winter (Purdie, 1984). Even though highest rainfall

occurs in summer, heavy rainfall events may occur on local or regional scales throughout the

year (Greenville et al., 2016). Boulia Airport (1886 - 2024), Bedourie (1932 - 2024), and

Birdsville Airport (2000 - 2024) are three of the closest long-term weather stations to our

study site that have annual average rainfall of 258.5 mm (n = 136 years), 203 mm (n = 79

years) and 157 mm (n = 24 years), respectively (Bureau of Meteorology, 2024).

Vegetation and climatic conditions, which significantly influence species population abund-

ance, are largely shaped by the impacts of wildfires (Letnic, 2004) and cattle grazing (Frank

et al., 2013; Tulloch et al., 2023). Since 1990, the region has witnessed two large-scale wild-

fires (exceeding 1,000 km2) (Greenville et al., 2009). The mean minimum wildfire return

interval is 27 years (updated from Greenville et al. (2009) which reported 26 years). On the

other hand, cattle grazing in the eastern parts of the Simpson Desert has been occasional

since the mid-twentieth century (Tulloch et al., 2023), and swales have been preferred over

dunes due to their relatively higher productivity (Frank et al., 2012). However, changes in

land use led to the removal of cattle in 2004 in the Ethabuka Reserve and 2006 in the Pilun-

gah Reserve (Frank et al., 2016). These shifts in land management highlight the dynamic

nature of ecosystems and emphasize the importance of long-term studies in capturing the

effects of such changes on vegetation and species populations over time.
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FIGURE 2.1. Seventeen study sites (triangles with outlines) and the approximate weather
station (coloured triangles) locations across Pilungah Reserve (previously Cravens Peak Re-
serve), Tobermorey Station, Carlo Station and Ethabuka Reserve, Simpson Desert, Australia.
Inset shows location of study region within the Simpson Desert in Australia.

2.2.2 Small mammals

Live-trapping was carried out at seventeen sites across Carlo Station, Tobermorey Station,

Pilungah Reserve (formerly known as Cravens Peak) and Ethabuka Reserve, covering 8000

km2 of the study location (Fig. 2.1). Small mammals (<500 g) were live-trapped using 36

pitfall traps (16 cm diameter, 60 cm deep) arranged in the form of a grid (plot) comprising

of six by six lines of pitfall traps spaced at 20 m apart to cover 1 ha. The top line of traps

was placed along a dune crest, while the bottom line was situated 100 m away in the swale,

allowing each grid to sample both dune and swale topographies. Each pitfall trap was paired

with a 5 m drift fence made of aluminum flywire to improve trap efficiency (Friend et al.,

1989). Traps were opened for 2-6 nights on 2-6 times annually from 1990 to 2022 at three

sites (Main Camp North, Main Camp Mid and Main Camp South), from 1995 to 2022 at
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eleven more sites (Carlo, Cravens Peak, Field River South, Field River North, South Site,

Kunnamuka Swamp East, Kunnamuka Swamp West, Tobermorey East, Tobermorey West,

Shitty Site and Plum Pudding) and from 2004 to 2022 at No. 3 Bore, Norries and Way Site.

Not all sites were sampled each year, thus, when a site was not sampled, it was represented

by a missing value in the time series. This included 2020, when sampling was disrupted

due to COVID-19 related travel restrictions. Each site in the study contained between 2 and

12 grids, with grid locations randomly selected within the site boundaries, and grid spacing

ranging from 0.5 to 2 km.

The number of traps opened (trapping effort) across each sampling trip and site varied due

to weather conditions limiting access to certain locations, and some sites were introduced in

later years as part of new projects. To account for these differences in the trapping effort,

live capture counts (total captures minus recaptures) were standardized to 100 trap nights

(100TN). This standardization not only facilitates comparisons with previous studies, which

is a key motivation in ecological research, but also simplifies model development by elimin-

ating the need for offset terms. While the standardized captures may result in decimal values,

they provide a reliable estimate of total captures, distributing trapping effort equally across

sites and sampling trip.

Long-term live-trapping (193 896 trap nights across 34 grids) across 28 - 33 years (151

sampling trips) yielded data on six species of rodents: Pseudomys hermannsburgensis (sandy

inland mouse; 9521 captures), Notomys alexis (spinifex hopping mouse; 6118 captures),

Pseudomys desertor (desert mouse; 1417 captures), Rattus villosissimus (long-haired rat;

1250 captures), Mus musculus (house mouse; 1224 captures), and Leggadina forresti (short-

tailed mouse; five captures), and eight species of dasyurid marsupials: Dasycercus blythi

(brush-tailed mulgara; 997 captures), Ningaui ridei (wongai ningaui; 1122 captures), Sminth-

opsis youngsoni (lesser hairy-footed dunnart; 3106 captures), Sminthopsis hirtipes (hairy-

footed dunnart; 548 captures), Sminthopsis macroura (striped-faced dunnart; 26 captures),

Sminthopsis crassicaudata (fat-tailed dunnart; 16 captures), Planigale gilesi (Giles’ plani-

gale; three captures), and Planigale tenuirostris (narrow-nosed planigale; 12 captures) (see
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Dickman et al. (2014) for more details). Of these thirteen species, only P. hermannsburgen-

sis (12 g), N. alexis (35 g), P. desertor (37 g), R. villosissimus (220 g), M. musculus (12 -

30 g), the carnivorous D. blythi (100 g), the insectivorous S. youngsoni (10 g), S. hirtipes

(15 g) and N. ridei (8 g) had sufficient time series data in terms of both length and number

of captures across the seventeen sites to support population modeling. The remaining five

species had insufficient capture data for modeling, limiting their analysis to observational

studies based on available data. Nevertheless, all species reported in sampling highlight the

importance of long-term and intensive monitoring in detecting rarer species, as such efforts

provide critical insights into population trends and distribution patterns that may otherwise

go unnoticed.

2.2.3 Covariate measurements

Small mammal species rely on vegetation cover, seed and flower resources as critical factors

that shape their habitat, food availability, and foraging behavior, influencing their distribu-

tion and population dynamics (Murray and Dickman, 1994; Murray et al., 1999; Greenville

et al., 2016). To assess the cover of the dominant vegetation species, spinifex (Triodia base-

dowii), we visually estimated ground cover as a percentage within 2.5 m radius plots around

the same six traps (one trap per row from the 6 x 6 grid) on each small mammal trapping

grid in each survey. Furthermore, spinifex seeding was evaluated in each plot using a seed

productivity index (ranging from 0 to 5, where 0 represents the absence of seeding and 5

signifies abundant seeding across all plants). We selected spinifex seed for its dominance in

the region and its crucial role in the study rodents’ diet, making up more than 50% of their

diet (Murray and Dickman, 1994; Murray et al., 1999). A flowering index (0–5, where 0

indicates no flowering and 5 signifies abundant flowering across all plants) was also applied

to assess the extent of spinifex flowering.

Daily data were collected from automatic weather stations (Environdata, Warwick, Queens-

land) located at each of the seventeen sites. These weather stations were operational from

1995 to 2022.
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2.2.4 Data preparation

The taxonomy of the genus Dasycercus was previously unclear until Wolley (2005) clarified

that what was once referred to as D. cristicauda is now recognized as D. blythi. Therefore, for

analysis, we adopt the updated naming convention (D. blythi) but the DERG dataset retains

the original naming (D. cristicauda) to maintain consistency across all years and prevent

confusion among researchers.

To align our analysis with Greenville et al. (2016), we restricted our dataset to the period

from 1990 to 2012, aggregating data at the grid level to the site level. From this, we selected

nine sites: Main Camp South (considered as Main Camp), Shitty Site, Field River South,

Field River North, South Site, Kunnamuka Swamp East, Carlo, Tobermorey East, and To-

bermorey West. Based on capture data up to 2012, only P. hermannsburgensis, N. alexis, the

predatory mulgara D. blythi, and the small insectivorous dasyurid S. youngsoni and N. ridei

had sufficient time series data to model species abundance (Greenville et al., 2016).

We incorporated spinifex cover, seed, and rainfall as covariates in the population models.

Daily rainfall data from the nearest weather stations at Glenormiston, Sandringham, Boulia,

Bedourie and Birdsville were averaged to estimate rainfall data prior to 1995 for Main Camp,

where trapping began in 1990. The multivariate autoregressive state-space (MARSS) frame-

work used for modeling population abundance required the time series data to be equally

spaced, so we aggregated the data annually. Additionally, capture data were log-transformed

(log +1) to align with the model’s log-based formulation (Hinrichsen and Holmes, 2009;

Ward et al., 2010). All variables were standardized by subtracting the mean and dividing by

the standard deviation (z-scored) to facilitate direct comparisons between covariates (Hin-

richsen and Holmes, 2009; Ward et al., 2010).

2.2.5 Modeling framework

The MARSS model represents a stochastic exponential growth model (Gompertz population

model), where the process component models changes in true abundance on a logarithmic

scale, while the observation component, also known as the observation equation, accounts
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for measurement error by incorporating additional variation. This framework enables the

simultaneous modeling of multiple sites, enhancing parameter estimation and providing in-

sights into density dependence, the spatial structure and environmental factors influencing

sub-populations (Holmes et al., 2012). The first-order discrete-time, stochastic Gompertz

model for the process component of the MARSS model when Nt is defined as the raw pop-

ulation abundance at time t is:

Nt = Nt−1 exp (u+ b lnNt−1 +wt) , (2.1)

where u and b are constants and wt represents the process noise, which follows a mul-

tivariate normal distribution with mean 0 and variance-covariance structure Q. The random

variables of wt are assumed to be uncorrelated.

On the logarithmic scale, the Gompertz process model (Eq. 2.1) is a first-order autoregressive

time series model written as:

Xt = u+BXt−1 +wt; wt ∼MVN(0,Q), (2.2)

where Xt = lnNt and B = b+ 1.

The state vector Xt represents a m × 1 vector, where m denotes the total number of state

values at time t. In this study, it corresponds to all nine sub-populations (the nine selected

sites) for each species at time t. Time is considered annual, as observations are aggregated

over a year due to unequally spaced data collection. The parameters B, u, and Q define

the state process. The matrix B allows for interactions between state processes, while u is

the intercept that captures the mean trend. The vector u, which describes the trend of the

sub-population, is set to zero due to standardization (Greenville et al., 2016). As exogenous

factors (covariates) are incorporated into the process model, eliminating u shifts the focus to

the effects of covariates on sub-population estimates. The diagonal elements of the matrix

B represent the strength of density dependence, where a value less than one indicates dens-

ity dependence; implying that species abundance is regulated by its own population density.
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The off-diagonal elements of B capture interactions between species populations. Greenville

et al. (2016) models only one-way species interactions (to test if D. blythi reduces the counts

of rodents) but considering a two-way interaction we can also test if the prey numbers (in

our case, the rodents) drive the counts of the predator, D. blythi. As described in Eq. 2.1, the

process errors, wt are assumed to be independent and follow a multivariate normal distribu-

tion, capturing the variation in population size over time due to environmental and spatial

stochasticity. The structure of Q determines the correlation of process deviations. The diag-

onal elements of Q represent process variance, allowing for different variances across sites

to account for the spatial differences in process variation. The off-diagonal elements of Q,

which describe the correlations between subpopulations, were set to zero (Greenville et al.,

2016).

Covariates are incorporated into the process equation (Eq. 2.2) through the elements C,

which represent the coefficients of the covariates, and ct, which represent the covariates

over time t. For P. hermannsburgensis and N. alexis, the model included spinifex cover, the

seed productivity index from the previous year (Levine et al., 2024), annual rainfall from

the previous year and captures of the predatory D. blythi. For the dasyurids S. youngsoni

and N. ridei, the model included spinifex cover, annual rainfall from the previous year and

captures of D. blythi, which is regarded as both a predator and a competitor. For D. blythi, the

model incorporated spinifex cover, annual rainfall from the previous year, and total rodent

population size (sum of captures of the rodents considered in the study) in the previous year,

as rodents are a key food source (see Greenville et al. (2016) for more details). The modified

version of Eq. 2.2 with covariates is outlined through Eq. 2.3.

Xt = u+BXt−1 +Cct +wt; wt ∼MVN(0,Q) (2.3)

The multivariate observation component in the MARSS framework is expressed in log space

as:

Yt = a+ ZXt + vt; vt ∼MVN(0,R), (2.4)

28



2.2 MATERIAL AND METHODS

Yt represents an n × 1 vector of observations at time t, where in the study, it corresponds

to the number of sites at time t, which may differ from the number of sub-populations at

that particular time point. a, an n × 1 matrix, represents the mean bias between sites and

is set to zero through standardization (Greenville et al., 2016). Z is an n × m matrix of

zeros and ones, set according to domain knowledge reflecting the synchrony or asynchrony

of the sub-populations (spatial population structure). This structure accounts for the pos-

sibility that species dynamics may vary or align across locations due to differences in their

responses to biological and environmental factors. The observation variability, denoted by

vt, follows a multivariate normal distribution with a mean of zero and a variance-covariance

matrix R, which specifies the correlation structure of the observation errors and is assumed

to be uncorrelated. The observation error includes sampling error, which can occur due to

temporal changes in detectability, or error arising from only a sub-sample of the population

being counted. The off-diagonal elements of the variance-covariance matrix R were set to

zero, while the diagonal elements, representing variance across sites, were set to be equal

within a species, as the same trapping methods were used throughout the study (Greenville

et al., 2016).

According to the synchronicity of the population abundance of the species, two forms of

the MARSS model were fitted. A 1-state (synchronous) MARSS model was constructed

for the two rodent species and D. blythi, while the second model, treating all nine sub-

populations as distinct (asynchronous), was fitted for S. youngsoni and N. ridei (Greenville

et al., 2016). The computational specifications were consistent with those used in the case

study, implementing a Bayesian approach for inference. For example, prior distributions

were assigned as follows: a Uniform distribution for matrix B, Normal distributions for

covariates (C) and their coefficients (c), and Gamma distributions for both the process noise

covariance (Q) and the observation error covariance (R). Each model was fitted using three

Markov chains, with 10,000 MCMC iterations per chain, a thinning interval of 10, and the

first 6,000 iterations discarded, resulting in 4,000 retained samples. Although the number of

iterations and burn-in period differed from those used in Greenville et al. (2016), we were

able to replicate Greenville et al. (2016)’s results.
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2.2.6 Examining assumptions

2.2.6.1 Ecological assumptions

Incorporating domain knowledge into modeling often involves setting parameter assump-

tions to better reflect ecological processes. To assess the validity of these assumptions in

the MARSS framework used by Greenville et al. (2016) (hereafter referred to as the ‘Ori-

ginal Model’), we fitted the same model without predefined constraints. If the assumptions

underlying the Original Model are valid, then both models; constrained and unconstrained,

should yield similar results. For example, if relaxing assumptions on parameters in Eq. 2.3

and Eq. 2.4 leads to comparable outcomes, this suggests that the Original Model appropri-

ately captures the underlying ecological dynamics. However, if discrepancies arise, they may

indicate that the data suggest a different underlying ecological process. By comparing the

two models, we can assess whether the imposed ecological assumptions accurately capture

species population dynamics or if a more flexible approach is needed to better represent the

system. Importantly, such a distinction is only reliable when the data are relatively complete,

unbiased, and precise. If the data are sparse, noisy, or biased, it becomes difficult to discern

whether differences between models stem from misspecified assumptions or data limitations.

This evaluation helps to ensure that the model provides both statistical robustness and eco-

logical realism.

The MARSS framework incorporates three state process parameters; B, Q, and R, each

subject to specific assumptions. Relaxing these assumptions results in seven variants of the

Original Model, with each variation reflecting a distinct ecological reasoning (Fig. 2.2).
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FIGURE 2.2. Variations in ecological assumptions of multivariate autoregressive state-space
model (MARSS). (A) B and Q are parameters of the process equation while R is a para-
meter in the observation equation of the MARSS framework. (B) Combinations of models
constructed by applying constraints to the state process parameters. For each B, Q, R node,
the upward arrow indicates the ecological perspective for restricting the parameter, while the
downward arrow represents the effect of relaxing the assumption. Lines of the same colour
represent the incorporation of constrained and unconstrained matrices. In total, seven altern-
ative model variants (excluding the Original Model) were fitted to evaluate the robustness of
the ecological assumptions.
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The Akaike Information Criterion (AIC) is widely used to assess the predictive power of

statistical models by balancing goodness of fit and model complexity (Akaike, 1998). To

address AIC’s bias in small sample sizes, the corrected Akaike Information Criterion (AICc)

was introduced as an extension (Sugiura, 1978; Hurvich and Tsai, 1989). The AICc is cal-

culated by first computing the standard AIC as:

AIC = 2k − 2 logL,

where k is the number of estimated parameters and logL is the log-likelihood of the model.

The AICc then adjusts the AIC for small sample sizes using the following formula:

AICc = AIC +

(
2k2 + 2k

n− k − 1

)
,

where n is the number of observed (non-missing) data points. This correction accounts for

potential bias in model selection when the sample size is small relative to the number of

parameters. Given the relatively limited sample size in the case study (17 - 22 years of data

for each species), AICc provides a more reliable metric for model selection. We use AICc

to compare the seven variants (Fig. 2.2) with the Original Model, evaluating how well each

model captures variation in the species dynamics. A lower AICc value indicates a model

with better predictive performance.

2.2.6.2 Statistical assumptions

The MARSS framework assumes that the residuals from the observation model (known as

model residuals and hereafter referred to as ‘residuals’) should follow an independently dis-

tributed white noise pattern (i.e. residuals that have a mean of zero, constant variance, and

no autocorrelation) (Holmes et al., 2014). To test this assumption, we used the Ljung-Box

test (Ljung and Box, 1978) to asses whether the residuals of the Original Model exhibit a

white noise process (Mahan et al., 2015). The null and alternative hypotheses for this test

are as follows:

H0 : The series exhibits a white noise pattern

H1 : The series does not exhibit a white noise pattern
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The residuals should not only follow a white-noise process but also exhibit a normal distri-

bution. To assess normality, we used the Shapiro-Wilk Normality test (Shapiro and Wilk,

1965) for each species at each site and the null and alternative hypotheses are:

H0 : The data are normally distributed

H1 : The data are not normally distributed

To evaluate the independence of residuals, we generated Autocorrelation function (ACF)

plots as a graphical representation.

Statistical coherence of the Original Model is crucial to confirm the validity of the ecological

assumptions. However, a minor violation of the assumptions regarding the residuals being

white noise and normally distributed does not necessarily invalidate the results. In such

cases, the model results can still be interpreted with caution, provided the likelihood of a

type II error remains low (Shreffler and Huecker, 2023). For this study, we set the threshold

for acceptable deviation from the assumptions at 5%.

2.3 Results

2.3.1 Assessing the suitability of the DERG dataset for forecasting

population abundance

We first pre-processed the raw data and reproduced the results of Greenville et al. (2016).

Through this process, we understood the value of the consistent methodological structure of

the DERG dataset, which resulted in population abundance predictions consistent with the

case study. The sampling of multiple grids, which effectively produced replicate sampling,

helped to mitigate observation error, which is a crucial factor for ensuring data quality. One

of the most important features of the DERG dataset is its extensive temporal coverage since

1990, coupled with the high spatial scale of sampling. In addition, not only are species counts
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of a variety of species recorded, but other covariate measurements are also consistently col-

lected throughout the years. This consistency ensures that all relevant data is captured within

the study, eliminating the need to rely on external covariate data that may have different

methodologies or be subject to different biases. This combination of temporal, spatial, and

methodological consistency makes the DERG dataset particularly valuable for modeling and

forecasting long-term trends in species abundance. As a result, it provides a solid foundation

for addressing the objectives outlined in the subsequent chapters of this thesis.

The R code used to implement the pre-processing steps and the MARSS modeling frame-

work was then reorganized and refactored into functions, making the code more generaliz-

able and reproducible for other studies with similar objectives. The code can be provided on

request.

2.3.2 Validating ecological assumptions

The best model to predict the population abundance of the species was one of the seven vari-

ants of the Original Model, as indicated by the comparison of AICc values (Fig. 2.3; AICc

values of all seven variants are shown in Table A1.1). For P. hermannsburgensis, N. alexis

and D. blythi), the single population MARSS models assumed different observation errors

across sites (Unconstrained R & B, Constrained Q, but note there is only a single estimate

for Q because this is a single-population MARSS model). In contrast, the nine independent

sub-population MARSS models fitted for the two species of small dasyurid marsupials (S.

youngsoni and N. ridei) assumed different process errors across sites (Unconstrained Q & B,

Constrained R). This distinction reflects the species’ behaviour: species exhibiting similar

dynamics across space assumed the same process across sites, with the variability in abund-

ance primarily arising from sampling. In contrast, species that showed different dynamics

across sites were assumed to have different processes at each site, where variability in abund-

ance was less influenced by sampling error (Fig. 2.3 & Table A1.2 & A1.3). In addition, the

density dependence was significant in both model structures (Table A1.2 & A1.3) and the

nine independent sub-population MARSS models assumed the density dependence to vary
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across sites (Table A1.3). However, two-way interactions between species (effect of pred-

ator on prey and vice-versa) appeared to be non-significant for all study species, regardless of

their population synchrony across space (Table A1.2 & A1.3). The significance of the cov-

ariates in the single-population MARSS models for P. hermannsburgensis and N. alexis were

similar to those of the Original Model, with previous year rainfall and spinifex seed being

significant. However, in the single-population MARSS model for D. blythi, only previous

year rainfall was significant, contrasting with the Original Model where in addition, spinifex

cover and rodent population effects were significant (Table A1.2). In contrast, none of the

covariates in the nine independent sub-population MARSS models fitted for both S. young-

soni and N. ridei were significant (Table A1.3). Although these observations differ from the

Original Model (Greenville et al., 2016), the statistical validity of these models highlights

unique model specifications that are more closely aligned with the population dynamics of

each species and provide greater ecological relevance.

We observed that the number of parameters to be fitted increased with the relaxing of the

assumptions where the model with Unconstrained B, Q, and R was equipped with the largest

number of parameters to be estimated (Fig. 2.2). However, it is important to note that models

with a higher number of parameters tend to yield a lower AICc, given their greater capacity

to represent the data, which introduces a caveat in the interpretation of the results.
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FIGURE 2.3. AICc of the Original Model and selected model variant out of the seven vari-
ants of the Original Model for the five study species. The model selected from the seven
variants is based on the lowest AICc value for each species. Constraints of the Original
Model are: Constrained Q (assumes unequal process variance across sites and year-to-year
population changes across sub-populations are uncorrelated, but note for single-population
MARSS models there are only single estimates for Q), Constrained B (assumes equal dens-
ity dependence across sub-populations and effect of predator-on prey) and Constrained R
(assumes equal observation variance across sites for a specific species and uncorrelated er-
rors). AICc values are compared across each row, with the model yielding the lowest AICc
selected as the best model (out of the Original Model and the selected model variant) to pre-
dict population abundance for each species.

2.3.3 Testing statistical assumptions

The results from the Ljung-Box test indicate that the assumption of model residuals follow-

ing a white-noise process is violated for certain species at specific sites. This suggests that the

time series of population abundance varies across locations due to differences in how each

species responds to local environmental factors. For example, in the 1-state MARSS model

fitted for N. alexis, the white-noise assumption was violated at Tobermorey East. Similarly,

in the nine-independent sub-population MARSS models for S. youngsoni, the violation oc-

curred at Field River North, and for N. ridei, it was observed at both Kunnamuka Swamp

East and Tobermorey East (Table 2.1). At Main Camp; the site with the longest time series
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for all species, the model residuals followed a white noise process, with higher p-values

from the Original Model. This suggests that longer time series may capture a more compre-

hensive representation of how species respond to environmental factors, while shorter time

series may only reveal partial responses, as indicated by the significant p-values (in bold;

Table 2.1) observed for species at other sites. Even at sites with shorter time series, not all

species exhibited uncaptured temporal dependence in the residuals (Table 2.1). This dis-

crepancy suggests that, even during boom or bust periods, species may respond differently

to extreme environmental conditions across sites, leading the model to fail in capturing the

peaks or troughs in the time series and leaving unexplained variation in the residuals. The

ACF plots obtained based on the residuals of the observation equation of the Original Model

confirmed these observations as the plots indicated correlations within the residuals (see Fig.

A1.1). These violations indicate that the MARSS models for these species at the respective

sites have not fully captured the time-dependent structure of the data. Consequently, fur-

ther model refinements, such as relaxing ecological assumptions of state process parameters

or incorporating additional covariates, may be required to improve the model fit and better

account for these temporal dependencies.

Additionally, the results of the Shapiro-Wilk test for normality of model residuals reveal vi-

olations of the normality assumption for several species at various sites. Specifically, for the

1-state MARSS models fitted for P. hermannsburgensis, normality was violated at Carlo and

Tobermorey West and for N. alexis, the normality assumption was violated at Field River

North and Tobermorey West. In the nine-independent sub-population MARSS models fitted

for D. blythi, normality was violated at Main Camp, Kunnamuka Swamp East, Tobermorey

East and Tobermorey West, and for S. youngsoni showed similar violations at Main Camp

(Table 2.1). These violations are likely due to population booms or busts that result in outliers

or high-leverage points that extend the tails of the population abundance distribution. Such

heavy-tailed values lead to residuals deviating from normality, as extreme fluctuations gen-

erate large residuals that the normal distribution fails to accommodate. This suggests that

the underlying ecological processes may involve nonlinear dynamics or abrupt population

shifts that are not fully captured by the model’s normality assumptions. Consequently, these
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deviations may affect the validity of statistical inferences relying on normality. It is also im-

portant to note that the data were aggregated annually, and the relatively small sample sizes

at each site may have contributed to these violations. Normality tests, such as the Shapiro-

Wilk test, are sensitive to sample size, and with limited data points, the test becomes more

susceptible to Type II errors, incorrectly concluding that residuals follow a normal distribu-

tion when in reality they do not. Therefore, caution is needed when interpreting results based

on the assumption of normality, as smaller sample sizes increase the likelihood of such errors

(Sánchez-Espigares et al., 2018).

TABLE 2.1. The results of the Ljung-Box test and Shapiro-Wilk test for white noise and nor-
mality on the residuals of the MARSS observation models, respectively. Single-population
MARSS models were fitted for three small mammal species (Pseudomys hermannsburgen-
sis, Notomys alexis, and Dasycercus blythi), while nine independent sub-population MARSS
models were fitted for two small dasyurid marsupials (Sminthopsis youngsoni and Ningaui
ridei). P-values in bold indicate cases where the assumptions of white noise or normality
were not met.

Site Main Camp Carlo Field River
South

Kunnamuka
Swamp East

Shitty
Site

South
Site

Field River
North

Tobermorey
East

Tobermorey
West

White-noise residuals
P. hermannsburgensis 0.79 0.53 0.89 0.66 0.91 0.87 0.42 0.63 0.42

N. alexis 0.75 0.23 0.37 0.59 0.46 0.81 0.38 0.03 0.93

D. blythi 0.40 0.43 0.33 0.96 0.67 0.70 0.19 1.00 1.00

S. youngsoni 0.64 0.89 0.59 0.44 0.86 0.09 0.03 0.92 0.81

N. ridei 0.69 0.21 0.42 0.02 0.72 0.21 0.60 < 0.01 0.76

Normality of residuals
P. hermannsburgensis 0.58 0.01 0.95 1.00 0.28 0.13 0.74 0.10 < 0.01

N. alexis 0.43 0.16 0.33 0.44 0.82 0.83 0.05 0.72 < 0.01

D. blythi < 0.01 0.07 0.99 < 0.01 0.16 0.44 0.34 < 0.01 0.01

S. youngsoni 0.05 0.20 0.45 0.48 0.71 0.06 0.08 0.57 0.27

N. ridei 0.46 0.48 0.68 0.92 0.73 0.16 0.06 0.88 0.72
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2.4 Discussion

Understanding and forecasting population dynamics requires robust models that accurately

capture ecological complexities. However, the effectiveness of these models depends on

the availability of long-term high-quality datasets that accurately represent key ecological

factors, including environmental drivers, stochastic fluctuations, and spatial variability. The

Desert Ecology Research Group (DERG) dataset offers a valuable resource to address these

challenges, allowing detailed investigations of species abundance patterns over time. This

study evaluated the suitability of the DERG dataset for forecasting, assessed the robustness

of MARSS models to capture population dynamics, and identified key limitations that influ-

ence their applicability for ecological forecasting. We found that the MARSS framework is

not effective for forecasting population abundance due to several key limitations: its inability

to capture nonlinear ecological processes, the requirement for equally spaced time intervals,

increased computational demands with higher-dimensional models, and challenges in hand-

ling zero species counts.

2.4.1 Evaluating the DERG dataset’s suitability for forecasting

population abundance

Arid systems in Australia are inherently unpredictable (Letnic and Dickman, 2010; Letnic

et al., 2011; Morton et al., 2011), due to their high variability, which makes forecasting in

these environments particularly challenging. Collected from study sites across the Simpson

Desert, the DERG dataset provides a detailed record of species abundance under extreme

environmental conditions. Based on a conceptual model of the ecosystem (Dickman et al.,

2014), the dataset adheres to sound statistical methodologies for data collection, maintains

high-quality records, and includes multiple species to capture the variability in dynamics.

In doing so, the DERG dataset fulfills the key criteria for an effective long-term ecological

study.

Despite the dataset’s strength in its extensive temporal range, covering multiple decades

(since 1990), and its sampling conducted at multiple sites; effectively producing replicate
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samples, its value is further enhanced by the reduction of observation error. This replication

improves statistical modeling and enables robust predictions of species abundance across

spatial scales. Unlike many long-term population datasets, which often suffer from inconsist-

ent methodologies and a lack of comprehensive ecological contexts to support ecologically

meaningful analysis by data scientists (Likens and Lindenmayer, 2018), the DERG dataset

employs standardized trapping methodologies from its inception, ensuring data consistency

and providing a thorough description of the ecological context.

Despite these advantages, challenges remain, particularly in relation to missing data, which

is an inevitable issue in long-term ecological studies. In the context of the DERG dataset,

missing data arises due to two main factors: 1) logistical and financial constraints, which can

limit the frequency of data collection efforts, and 2) road closures caused by extreme rainfall,

which impede access to study locations and prevent data collection during critical periods.

The latter issue can occur even when researchers are already at the study site, as extreme

weather conditions may restrict access to certain study locations, leading to missing values

for some sites in specific years. However, unlike many other long-term datasets that often

lack clarity on the causes of missing data, the DERG dataset provides a clear understanding

of the reasons behind these gaps. Therefore, the DERG dataset provides a comprehensive and

transparent long-term record of population dynamics, making it a highly valuable resource

for accurate ecological forecasting.

Therefore, to achieve the aims of the subsequent chapters in the thesis, which focus on

forecasting species population abundance, we will use the DERG dataset as the foundational

data source. Following this chapter, Chapter 3 will focus on the same data period analyzed in

the case study considered in this chapter (Greenville et al., 2016), while Chapters 4 and 5 will

extend the analysis incorporating an additional 11 years of data collected since Greenville

et al. (2016) to address their respective objectives.

In considering the potential for forecasting population abundance, we evaluated the suitab-

ility of other data sources to enhance model accuracy and predictions. The Portal Project, a

long-term ecological study ongoing since 1977 in the Chihuahuan Desert near Portal, Ari-

zona, USA, offers valuable data for this purpose (Karunarathna et al., 2024; Clark et al.,
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2025). Although data on rodent and plant species abundance, as well as climatic factors

such as air temperature and precipitation, have been collected at a higher frequency than

the DERG dataset, inconsistencies in data collection methodologies over time pose chal-

lenges for reliable forecasting (Ernest et al., 2018). While White et al. (2019) developed

an automated forecasting pipeline for rodent abundances, no attempts have been made yet

to generate forecasts projecting into the future, but this may be forthcoming (Karunarathna

et al., 2024; Clark et al., 2025). Therefore, considering the high spatial and temporal res-

olution and diverse range of data collected, the Portal Project offers a promising avenue for

future research in forecasting population abundance.

2.4.2 Assessing the robustness of MARSS models for population

abundance

MARSS models offer a powerful framework for analyzing multivariate time series data in

ecological studies. These models explicitly account for both process and observation errors,

making them well-suited for noisy ecological datasets (Holmes et al., 2012). However, their

effectiveness depends on the validity of the underlying ecological assumptions and the extent

to which they capture species-specific population dynamics.

Expanding the ecological assumptions tested on MARSS models by Greenville et al. (2016),

our analysis of the DERG dataset revealed that MARSS models fitted to population abund-

ance data accounted for site-specific errors that varied depending on species dynamics. For

species exhibiting synchronous population fluctuations across study sites, such as the two

rodent species Pseudomys hermannsburgensis and Notomys alexis, as well as the predatory

mulgara Dasycercus blythi, the models assumed different observation errors, likely reflecting

variations in detectability rather than differences in true population processes. Conversely,

for species exhibiting asynchronous dynamics, such as the small dasyurid marsupials Sminth-

opsis youngsoni and Ningaui ridei, the models assumed different process errors. In addition,

although previous year rainfall and spinifex seed significantly influenced the abundance of

Pseudomys hermannsburgensis and Notomys alexis, the abundance of Dasycercus blythi was

only affected by last year’s rainfall. Surprisingly, none of the covariates were found to be
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significant at any site for Sminthopsis youngsoni and Ningaui ridei, which contrasts with

the findings of Greenville et al. (2016). However, density dependence appeared significant

among all species regardless of their different dynamics across space. Therefore, our results

suggest that both intrinsic and extrinsic factors, along with sampling and environmental vari-

ability, play dominant roles in shaping the population dynamics of species with contrasting

dynamics (Lawton, 1988; Kent et al., 2007; Mutshinda et al., 2009).

Another key consideration is the trade-off between ecological interpretability and statist-

ical robustness. MARSS models are effective in capturing species’ responses under stable

conditions, but extreme fluctuations, such as population booms, may challenge statistical

assumptions. A key issue arises when temporal dependencies are not fully accounted for,

leading to autocorrelated residuals that indicate unmodeled variability in the system (Holmes

et al., 2012). Our analysis suggests that the white-noise properties of residuals depend on

both the length of the time series and species-specific responses to environmental variabil-

ity across spatial scales. For instance, at Main Camp; the site with the longest continuous

time series, residuals exhibited white-noise properties for all species, suggesting that the

MARSS models effectively captured the underlying population dynamics. However, at other

sites with shorter time series, not all species exhibited white-noise residuals, indicating that

some ecological processes remained unexplained. Interestingly, some species still showed

white-noise residuals despite differences in data length, likely due to asynchronous popula-

tion booms across sites. In other words, when population surges occur in some locations but

not others, spatial variability in species responses may obscure temporal autocorrelation at

individual sites (Dennis et al., 2006; Thibault and Brown, 2008). Additionally, if a species,

such as Dasycercus blythi, is included at a site where it is absent, the model fails to incorpor-

ate meaningful explanatory power from this species, leading to unexplained variability. In

such cases, the inclusion of irrelevant covariates may introduce additional noise without con-

tributing to predictive accuracy (Mutshinda et al., 2009). This underscores the importance

of considering both spatial and temporal heterogeneity when modeling population dynamics

using MARSS.
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Moreover, extreme population fluctuations may also lead to non-normal residual distribu-

tions, particularly in species with highly skewed or zero-inflated abundance data. MARSS

models assume normal observation errors, but sudden booms or busts in population abund-

ance can result in heavy-tailed or asymmetric residual distributions. This phenomenon is

often observed in field-surveyed ecological data from highly variable environments, where

ecological processes are complex and subject to sudden shifts. In our analysis, we observed

non-normal residuals only at a few sites and for a limited number of species, with no con-

sistent pattern emerging across the dataset. Therefore, while it is not advisable to completely

disregard predictions or inferences, careful interpretation is required when faced with such

non-normal residuals (Dennis et al., 2006; Thibault and Brown, 2008).

2.4.3 Identifying limitations of MARSS models and their applicability

for forecasting

While MARSS models provide a structured approach to modeling population dynamics,

several limitations affect their forecasting utility. First, they require observations at equally

spaced time intervals. Aggregating data annually and inserting rows for missing observations

can degrade the signal, introducing additional noise through processing, averaging, and gap

filling. Therefore, developing methods that explicitly model uneven observation intervals

would enhance the model’s applicability in real-world ecological settings. Second, MARSS

models struggle to capture nonlinear ecological processes, particularly those driven by en-

vironmental and climatic factors. This limitation is particularly relevant in systems charac-

terized by abrupt population changes, where traditional linear state-space formulations may

fail to capture key transitions (Newman et al., 2014). Third, these models become compu-

tationally intensive as the number of species or covariates increases. Parameter estimation

in high-dimensional state-space models requires substantial computational resources, mak-

ing it challenging to scale analyses across large ecological datasets (Dennis and Ponciano,

2014). Moreover, if the observation or process error is misspecified or underestimated, fore-

casts can become biased, leading to misleading ecological interpretations. In highly variable
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environments, meeting model assumptions to ensure statistical robustness can be particu-

larly difficult, further limiting the generalizability of forecasts. Lastly, the common use of

the log(x + 1) transformation to accommodate zero counts introduces another issue. While

this transformation avoids the problem of taking the logarithm of zero, it breaks the direct

link to the original population model. A more principled alternative would be to model lat-

ent abundance on the log scale and use a Poisson model to link to observed counts, which

naturally accommodates zeros and avoids the need for the transformation.

To address these challenges, generalized additive models (GAMs) offer a flexible alternat-

ive by capturing nonlinear relationships between species population abundance and envir-

onmental drivers (Wood, 2017; Pedersen et al., 2019). Unlike traditional MARSS models,

which rely on linear state-space formulations, GAMs use smooth functions to model com-

plex ecological processes, allowing for a more biologically realistic representation of pop-

ulation dynamics. By incorporating environmental covariates as smooth terms, GAMs can

effectively model species responses to gradual and abrupt ecological changes, making them

particularly valuable in systems where nonlinearity plays a crucial role.

Building on this framework, multivariate generalized additive models (MVGAMs) extend

GAMs to simultaneously model multiple species or populations while accounting for tem-

poral dependencies (Clark and Wells, 2023; Karunarathna et al., 2024; Clark et al., 2025).

MVGAMs introduce latent dynamic processes that capture shared trends across species or

locations, offering a structured yet flexible approach to understanding multi-species interac-

tions and environmental influences, making them conceptually similar to MARSS models.

However, the flexibility of MVGAMs to integrate hierarchical structures, dynamic trends,

delayed environmental effects (Clark and Wells, 2023), and nonlinear covariate relationships

makes them a powerful tool for generating ecologically meaningful and statistically robust

forecasts with greater computational efficiency. Given these advantages, we will employ

MVGAMs in Chapters 4 and 5 of this thesis to forecast the population abundance of small

mammal species, particularly in systems influenced by environmental variability and species

interactions.
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CHAPTER 3

Evaluating the sensitivity of imputation methods to characteristics of

missing values in population abundance time series

3.1 Introduction

Ecologists collect time series data on population abundances across multiple populations to

monitor species dynamics and assess ecosystem health. However, obtaining such datasets is

both labour-intensive and resource-demanding (Humbert et al., 2009). Despite these efforts,

missing data are a persistent challenge in ecological research, often arising from logistical

and financial constraints or environmental disturbances that limit access to field sites (Hum-

bert et al., 2009; Penone et al., 2014; Ellington et al., 2015). These gaps can introduce bias,

reduce statistical power, and lead to inaccurate ecological inferences, ultimately affecting

conservation and management decisions (Onkelinx et al., 2017; Jóhannesson et al., 2019;

Łopucki et al., 2022). Furthermore, missing data are not limited to population abundance but

also extend to climatic and environmental variables, which are crucial for modeling species

dynamics and understanding ecological processes (Noor and Zainudin, 2008; Sa’adi et al.,

2023).

Missing data can occur via three different mechanisms: missing completely at random

(MCAR), missing at random (MAR), and missing not at random (MNAR). MCAR occurs

when the probability of missing data is entirely independent of both observed (i.e., abund-

ance) and unobserved variables, making the missingness purely random. MAR, a more

common scenario in ecological studies, occurs when missing values depend on other ob-

served variables, such as the climatic conditions that influence the survey efforts. In con-

trast, MNAR arises when missing data depend on unobserved factors, making their absence
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systematic and potentially introducing bias (Schafer and Graham, 2002). Since ecological

datasets are rarely MCAR, the assumption of MAR is often more appropriate (Penone et al.,

2014). However, Bowler et al. (2025) argue that gaps in ecological data can be considered

MCAR if the factors influencing missingness are entirely independent of those affecting

species abundance. On the other hand, as Nakagawa and Freckleton (2008) demonstrated,

deleting cases with missing values can lead to biased parameter estimates when data are not

MCAR, highlighting the need for robust imputation methods to address missingness effect-

ively.

Addressing missing data is crucial for ensuring the reliability of ecological analyses, par-

ticularly in long-term population studies. Listwise deletion, a common approach, excludes

observations with missing values, often resulting in substantial data loss and distorted eco-

logical patterns (Little and Rubin, 2019). In time series data, where consistent observation

frequencies are essential, this method can create gaps that complicate modeling due to the

temporal dependence of successive observations (Graham, 2009). While listwise deletion

may be a reasonable approach when aggregating high-resolution data (e.g., hourly to daily

or weekly), it is generally unsuitable for lower-resolution datasets, particularly when miss-

ing values also affect covariates essential for modeling species abundance. In such cases,

imputation methods offer a robust alternative by estimating missing values based on ob-

served data, preserving temporal structure, and enhancing analytical accuracy (Penone et al.,

2014; Ellington et al., 2015; Chapon et al., 2023). However, the effectiveness of different

imputation techniques varies depending on the characteristics of the dataset and the propor-

tion of missing values, which requires a careful evaluation of their performance in ecological

contexts (Łopucki et al., 2022).

Single imputation methods are among the most commonly used techniques for addressing

missing data in ecological studies. These methods replace missing values with a single estim-

ated value, derived from observed data. For example, mean imputation involves substituting

missing population counts with the average abundance across the time series (Van Buuren,

2018). Alternatively, the moving average method fills the gaps by averaging nearby obser-

vations, which can be particularly useful for smoothing short-term fluctuations in abundance
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(Humbert et al., 2009). The Kalman filter, a more advanced approach, uses statistical mod-

els to predict missing values based on past data and temporal dependencies (Agbailu et al.,

2021). While these methods are computationally efficient, they have limitations. They fail

to account for the uncertainty in the imputed values, which can lead to underestimation of

variability and skewed inferences about population trends (Khan, 2024). Additionally, these

methods often overlook complex relationships between missing data and other ecological

factors, which is particularly problematic when climatic and environmental variables are

also missing (Penone et al., 2014; Onkelinx et al., 2017).

Multiple imputation methods have been developed to address the limitations of single im-

putation by incorporating uncertainty into missing data estimates. Unlike single imputation,

which replaces each missing value with a single estimate, multiple imputation generates

several plausible values based on the distribution of observed data, producing multiple com-

plete datasets (Azur et al., 2011). These datasets are then analyzed separately and the results

are pooled to obtain more reliable parameter estimates while preserving the variability in-

herent in the data. In population abundance studies, multiple imputation accounts for the

uncertainty in missing data, reducing bias in population trend estimates and enhancing the

robustness of statistical analyses (Callaghan et al., 2021). Moreover, this approach can ac-

commodate complex relationships between variables, such as interactions between species

and environmental and climatic factors, making it well-suited for ecological time series (El-

lington et al., 2015).

Despite the prevalence of missing data in ecological research, imputation methods have been

less frequently employed in ecological studies (Łopucki et al., 2022). Previous research on

handling missing values has focused primarily on comparing complete case removal with

various single and multiple imputation approaches using compiled datasets from unpublished

sources and literature reviews covering experimental and observational data (Ellington et al.,

2015). In addition, imputation techniques have been evaluated based on the type of missing-

ness using nearly complete trait datasets, such as those from the mammalian order Carnivora

(Penone et al., 2014). However, the application of imputation tools in field-collected popu-

lation abundance time series remains limited compared to their use in social, biological or
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medical sciences (Van Buuren, 2018; Khan, 2024). Therefore, further research is needed to

evaluate, compare and refine imputation strategies to handle missing data in population eco-

logy, emphasizing the importance of addressing missing data rather than disregarding them

(Łopucki et al., 2022).

In this study, we used long-term population abundance data of a native rodent, the spinifex

hopping mouse (Notomys alexis) from the Desert Ecology Research Group (DERG) dataset

(see Chapter 2 for details). To systematically assess imputation performance, we conducted

a simulation study with varying lengths of the time series that replicated the characteristics of

the population time series and strategically introduced artificial gaps to create missing values

(unlike the simulation performed in Agbailu et al. (2021)). We then applied four imputation

techniques: three single imputation methods — Mean, Moving average, and Kalman filter,

and a multiple imputation approach, Multivariate Imputation by Chained Equations (MICE)

(Van Buuren and Groothuis-Oudshoorn, 2011). These methods were chosen to evaluate the

differences between imputing missing values using a single estimate versus incorporating

uncertainty through multiple imputations.

The aims of this study were to 1) test the sensitivity of each imputation method to factors

such as time series length, quantity, and temporal positioning of missing values, and vari-

ations across different samples, and 2) assess whether the imputation procedures significantly

impacted the precision of population abundance predictions. To achieve this, we first com-

pared the variability of error between the imputed and simulated values in the training set,

followed by an evaluation of how well the predicted abundances aligned with the simulated

population abundance values in the testing set. We expect that longer time series will res-

ult in more accurate imputations, particularly for MICE, which can leverage the full data

range, while single imputation methods may struggle to capture temporal dependencies. We

anticipate that Mean and Moving average will perform better with fewer missing values (de-

pending on the proportion and length of the time series), with MICE expected to outperform

as the proportion of missing data increases, especially in cases of clustered missing values.

The Kalman filter, which accounts for temporal dependencies, is anticipated to perform bet-

ter than Mean and Moving average, though it may fall short in capturing long-term trends
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and abrupt changes in population dynamics when missing values are clustered and/or occur

at the beginning of the series. However, we don’t expect significant variability in the per-

formance of any imputation method based on whether missing values occur at the beginning,

middle, or end of the series. Finally, we anticipate that MICE will provide more accurate

and precise population abundance predictions than single imputation methods, with the Kal-

man filter performing better than Mean and Moving average due to its ability to account for

temporal dependencies.

3.2 Material and methods
3.2.1 Study location

The long-term population monitoring study conducted by the Desert Ecology Research Group

(DERG) at the University of Sydney was carried out in the Simpson Desert, central Australia,

since 1990 (Wardle and Dickman (2015), Wardle and Dickman (2018a), Wardle and Dick-

man (2018b), Wardle and Dickman (2018c), unpublished data from 2018). The Simpson

Desert covers 170,000 km2 of mainly dune fields (73%), with the remainder comprising clay

pans, rocky outcrops, and gibber plains (Shephard, 1992). The study region of 8000 km2,

spans the border between Queensland and the Northern Territory (Fig. 2.1) and the vegeta-

tion of the dune fields is dominated by spinifex grasslands (Triodia basedowii) with scattered

shrubs (Acacia, Eremophilla, Grevillea), ephmeral forbs and a variety of other perennial

and annual grasses; interspersed are wide swales dominated by Georgina Gidgee woodlands

(Acacia georginae), or mallee eucalypts (Wardle et al., 2015). The climate is highly variable,

with prolonged dry “bust” periods interrupted by productive “boom” periods following sum-

mer rainfall (Dickman et al., 2010; Greenville et al., 2013). Temperatures exceed 40°C in

summer and drop below 5°C in winter (Purdie, 1984), while rainfall is seasonal, with annual

averages decreasing from northwest to southeast: 258.5 mm at Boulia (136 years), 203 mm

at Bedourie (79 years), and 157 mm at Birdsville (24 years) (Bureau of Meteorology, 2024).

Wildfires (Letnic, 2004) and cattle grazing (Frank et al., 2013; Tulloch et al., 2023) are key

factors that directly affect vegetation, with interactive effects for the abundance of fauna spe-

cies in the region. The mean minimum wildfire return interval is 27 years (Verhoeven et al.,
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2020), and cattle have been removed from the study region in 2004 (Ethabuka Reserve) and

2006 (Pilungah Reserve) (Frank et al., 2016) (see Chapter 2 for details).

3.2.2 Study species

Live-trapping was conducted at the Tobermorey East site within Tobermorey Station, in the

study region (Fig. 2.1). Monitoring of this site started in 1995, and all grids within the site

were selected (see Chapter 2 for details). Out of all the seventeen sites in the study region,

Tobermorey East was specifically chosen as a representative example of a site with a trun-

cated start and potential data gaps due to various factors. Although long-term trapping efforts

recorded several small mammal species, this study focused on the native rodent, the spinifex

hopping mouse (Notomys alexis, 35 g). This species was selected due to its high boom-bust

dynamics and strong relationship with rainfall (see Chapter 2; Greenville et al. (2016)), as

it relies more heavily on seeds than Pseudomys hermannsburgensis (Murray et al., 1999;

Dickman et al., 2014) and can disappear during prolonged dry periods. These characteristics

make it a more extreme test case for imputation methods compared to the dasyurid marsupi-

als (see Chapter 2 for details) in the DERG dataset. The standardized capture data per 100

trap nights (TN) from 1995 to 2012 were aggregated at the site level, averaged annually and

log-transformed to align with Greenville et al. (2016) (see Data preparation performed in

Chapter 1). Sampling efforts in some years were interrupted due to extreme weather, road

closures, and logistical constraints, resulting in missing data (Fig. 3.1(A)). Additionally,

since only a few other sites in the DERG dataset were surveyed from 1990 (see Chapter 1),

we considered data from pre-1995 as missing for our selected site.

3.2.3 Covariate measurements

An advantage of multiple imputation techniques is that they account for the relationships

between population abundance and related environmental or climatic variables, leading to

more accurate imputations. In Chapter 2, we found that the population abundance of the

spinifex hopping mouse is significantly impacted by the previous year rainfall. Therefore,
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we considered annual rainfall totals (calendar year) calculated from daily records obtained

from automatic weather stations (Environdata, Warwick, Queensland) operational from 1995

to 2012 (Fig. 3.1(B)). A 1-year lag was applied to account for the time required for small

mammals to respond to significant rainfall events (Chapter 2), such as increased breeding, a

method previously used to predict mammal captures (Greenville et al., 2013; Levine et al.,

2024).

FIGURE 3.1. Time series of (A) captures of Notomys alexis standardized per 100 trap nights
(TN) and (B) previous year annual rainfall (mm) at Tobermorey East from 1995 - 2012. Red
dashed vertical lines indicate missing data: pre-1995, when the site was not established, and
post-1995, where data were unavailable.
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3.2.4 Data simulation

To evaluate the sensitivity of the selected imputation techniques to different characteristics

of the time series and patterns of missing data, we simulated datasets for N. alexis based on

the DERG dataset and annual rainfall at the study site. The longest continuous non-missing

subset from the DERG dataset (1997–2011 for captures and 1998 - 2011 for previous year

rainfall; Fig. 3.1) was used to simulate datasets of varying lengths. Simulated time series

varied lengths; 60, 90, 900, and 9000 years, with 50 datasets generated for each length, to

ensure representativeness of different ecological phenomena that can affect the population

abundance of the species at the study site and generate unbiased estimates (Hossie et al.,

2021).

The dataset simulations were handled in two different ways (Fig. 3.2). Using the longest non-

missing subset, a simple State-Space model (SSM) without any covariates (Auger-Méthé

et al., 2021) was fitted for the abundance data while an Autoregressive Integrated Moving

Average (ARIMA) (Dhamo and Puka, 2010) model was fitted for the annual rainfall data

to simulate the required datasets. The SSM for abundance data was fitted using the R2jags

package (Inglis et al., 2018) and the ARIMA model for rainfall data was implemented using

the auto.arima() function from the forecast package in R (Dhamo and Puka, 2010). Not-

ably, the manually determined ARIMA model was the same as that of the model configured

through the function auto.arima.

3.2.5 Missing datasets

We created incomplete datasets from the simulated abundance time series by removing 10

manually selected values from each time series, regardless of its length, to identify a simula-

tion length that was optimal in a pragmatic and realistic sense, one that balances biological

plausibility with the need to test model performance under conditions that could feasibly

occur in real-world ecological monitoring (Fig. 3.2). These values were chosen to reflect

common patterns of missing data, with the same time steps removed across all time series

lengths to ensure a consistent basis for comparing imputation errors. Upon the selection of
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the optimal simulation length, we further assessed the performance of imputation methods

by introducing additional missing values. The additional missing values were introduced

only when the selected simulation length was not 60 years (Fig. 3.2). The simulated rainfall

datasets remained complete throughout the analysis. All the simulations, imputations and

analysis were run in R 4.3.1 (R Core Team, 2024).

FIGURE 3.2. Overview of the methodology. Using the DERG dataset, we simulated 50
datasets of varying lengths. Missing datasets were generated under two assessments: (1) to
determine the optimal simulated time series length and (2) to evaluate imputation perform-
ance using the selected optimal length. Missing values were imputed using four techniques
in both assessments. The imputed datasets were then partitioned to evaluate the predictive
performance of each imputation method. Mean Absolute Errors were calculated by compar-
ing the imputed values with the simulated values.
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3.2.6 Missing value imputation

We evaluated four imputation methods encompassing various computational strategies to

assess the accuracy in handling missing data under various characteristics of missingness.

Single imputation techniques; Mean, Moving average and Kalman filter imputations were

performed using the functions na_mean(), na_ma(), na_kalman() respectively from the Im-

puteTS package in R (Moritz and Bartz-Beielstein, 2017). While Mean imputation replaces

missing values with the arithmetic average of the available data, Moving average leverages

a local window of adjacent data points to impute missing values. Therefore, we used the

Exponential Weighted Moving Average Method (EWMA) so that exponentially decreasing

weighting factors are used to ensure that recent past observations of abundance exert a more

substantial influence on the imputation process compared to earlier observations. We set the

integer width of the moving average window to be 4 which means 8 observations (4 left & 4

right). In contrast, the Kalman filter, models the temporal dependencies between data points,

taking into account both the available observations and the dynamics of the data-generating

process. We applied Kalman smoothing for imputation using a basic trend model with a

seasonal component, fitted via maximum likelihood estimation.

In addition to the three single imputation methods, we employed Multivariate Imputation

with Chained Equations (MICE) as a multiple imputation technique. The mice package in R

was used to perform the MICE imputations (Van Buuren and Groothuis-Oudshoorn, 2011).

We included simulated rainfall data as a covariate for MICE, as we found it to be highly

associated with the probability of missing abundance data in the DERG dataset (Chapter

2; Bouhlila and Sellaouti (2013)). The Predictive Mean Matching (PMM) algorithm was

then applied, fitting a linear regression model to the simulated abundance data with miss-

ing values. For each missing value, PMM selects an observed value from the donor pool

whose predicted value is closest to the predicted value of the missing data (Van Buuren,

2018; Kleinke, 2018; Sa’adi et al., 2023). This method of using a single covariate, followed

the guidelines put forward by the authors of MICE (Van Buuren and Groothuis-Oudshoorn,

2011). Five imputed datasets were generated using PMM, and the average of these data-

sets was taken as the point estimate for the missing values, while the variability across the

imputed datasets was used to represent the uncertainty in the imputation process.
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FIGURE 3.3. Performance of Mean, Moving average, Kalman filter, and the Multivariate
Imputation by Chained Equations (MICE) imputation methods was evaluated according to
the position of the missing value in the dataset and the number of missing values cumu-
latively imputed at each step. The blue shaded boxes indicate the missing value positions
considered at each step. For example, at position 12 on the x-axis, the blue shaded boxes for
8, 9, 10, and 12 on the y-axis shows that these values were treated as missing when imputing
abundance at position 12.

The imputation process followed two distinct criteria. First, all 10 missing values were im-

puted simultaneously for each time series length and across the 50 datasets. The optimal

simulation length was then determined by comparing the errors between the imputed and
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corresponding simulated values across the four imputation techniques. Then, using the se-

lected optimal time series length, the accuracy of each imputation technique was evaluated

based on 1) the impact of the position of a missing value within the time series and 2) the

effect of the number of missing values imputed on the overall integrity of the time series.

To achieve this, the missing values were imputed cumulatively, considering the sequential

arrangement of the missing values, as illustrated in Fig. 3.3. The evaluation was conducted

by comparing the errors between the imputed values and the corresponding simulated values,

as well as the errors between the predicted values and the simulated values.

3.2.7 Model fit

To evaluate the performance of the four imputation approaches based on the predictions, we

first partitioned the simulated datasets into training and testing sets, constituting 80% and

20% proportions, respectively (Fig. 3.2). Thereafter, the missing values in the training set

were imputed as illustrated in Fig. 3.3 and a State-Space model (SSM) of the following form

was fitted using the R2jags package in R (Inglis et al., 2018).

The process component of the SSM is characterized by a first-order autoregressive process

given by:

Xt = BXt−1 +Rrt−1 + wt; wt ∼ N(0, Q) (3.1)

Here, Xt signifies the true population abundance of the species at time t, with B and Q

representing the process parameters. We incorporated the rainfall of the previous time-step

(year) as a covariate denoted by rt−1, and R represents its coefficient. wt denotes process

errors, assumed to be independent and following a normal distribution with a mean of zero

and variance Q.

The observation component of the SSM is written as:

Yt = Xt + vt; vt ∼ N(0, U) (3.2)
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where Yt represents the simulated and imputed population abundances at time t. Importantly,

Yt is independent of Yt−1, and all other observations, accounting for the dependence of Yt on

Xt. Observation errors, vt, are assumed to be uncorrelated and follow a normal distribution

with a mean of zero and variance U . Predictions for the testing set were obtained from the

fitted SSM.

3.2.8 Imputation evaluation strategy

In assessing the effectiveness of each imputation method, we employed the Mean Abso-

lute Error (MAE), representing the mean of the absolute errors in the imputed values (see

equation in Fig. 3.2). Lower MAE values indicate superior imputation performance in ap-

proximating the simulated values. Error calculations were undertaken based on three distinct

criteria, each tailored to provide insights into different aspects of the imputation process.

First, to determine the optimal simulation length, the MAE for each simulated length were

computed by averaging the error between imputed and simulated values across the 10 miss-

ing values for each simulated length. Subsequently, focusing only on the optimal simulation

length, we then evaluated how the temporal arrangement of missing values influenced im-

putation accuracy by averaging the error differences solely across the 50 datasets. This cri-

terion allowed us to observe variations in the performance of each imputation method based

on the placement of missing values.

Finally, to assess the effectiveness of the imputation approaches on the population abund-

ance predictions for the testing set while considering the temporal placement of the missing

values, we averaged the error differences exclusively across the 50 datasets.

3.3 Results

3.3.1 Optimal simulated time series length

Aggregating the errors between the imputed and simulated values across the 10 missing val-

ues and 50 datasets revealed that the 60-year population abundance time series had the lowest
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MAE (Fig. 3.4). Extending the time series simulation length to 900 and 9000 stabilized the

error and revealed that the performance of the imputation methods used in this study are

robust across multiple time series lengths. This observation is also evident through the over-

lapping 95% confidence intervals around the point MAE estimates (Fig. 3.4). In contrast, the

time series length of 90 years showed higher imputation errors across all methods in com-

parison to the other three simulation lengths, with MICE yielding the highest error among

the four methods (Fig. 3.4). Given the impracticability of obtaining population abundance

data for 900 or 9000 years, we selected the time series length of 90 years as the optimal sim-

ulation length for population abundance. This duration balances feasibility and ecological

relevance, offering a more practical alternative than shorter time series, which may not cap-

ture long-term trends, or excessively long ones, which are less applicable for conservation

decision-making.

FIGURE 3.4. Mean error (MAE) of imputations averaged across 10 missing population
abundances as mentioned in Fig. 3.2 across four different simulation lengths (60, 90, 900,
and 9000). Imputation was performed using the Mean, Moving Average (MA), Kalman Fil-
ter (KF), and Multivariate Imputation by Chained Equations (MICE) methods. The coloured
shaded regions represent the 95% prediction intervals and the grey dashed vertical lines in-
dicate the exact positions of the simulation lengths on the x-axis.
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The remaining analyses of this study was based on the simulation length of 90 years. Ac-

cordingly, the number of missing values in the dataset was increased to 22, ensuring a more

even spread of missing values across the dataset.

3.3.2 Impact of the temporal placement of the missing value on

imputation approaches

Overall, the error differences between the imputed population abundance and the simulated

values tend to decrease as the number of missing values increases across all the imputation

methods considered in this study (Fig. 3.5). Detailed observations reveal that employing

MICE to impute missing population abundances yields the lowest median error difference

between imputed and simulated values, particularly when up to 2% of missing values are

concentrated consecutively within the first quarter of the dataset; however, overall differ-

ences among imputation methods were small. As the proportion of missing abundance

values exceeds 2% in the last three quarters of the time series, the median MAE tends to

increase, even though the variability in the error decreases when using MICE for imputation

(Fig. 3.5). Conversely, imputation using the Kalman filter emerges as the superior choice,

outperforming other methods in both median MAE and variability in the error, particularly

when more than 4% of missing values are present in the latter three quarters of the time

series (Fig. 3.5).

It is noteworthy that none of the employed imputation techniques in this study demonstrated

inferior performance as the number of missing values increased in the time series. The re-

duction in the variability of the error differences across the 50 simulated datasets, showed

the improvement in imputations, underscoring the dataset’s temporal dependence. This sug-

gests that the imputation methods tested in this study were able to effectively capture the

underlying patterns and fluctuations in the simulated population dynamics of N. alexis, thus

improving their ability to learn from the available data, even during sudden booms or busts

in population abundance.
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FIGURE 3.5. Mean error (MAE) between imputed and simulated population abundance ac-
cording to the position of missing values. Imputation was performed using the Mean, Mov-
ing Average (MA), Kalman Filter (KF), and Multivariate Imputation by Chained Equations
(MICE) methods, as described in Fig. 3.3, on the 90-year simulated time series. Boxplots
show the variation in error differences across the 50 simulated datasets.

3.3.3 Effect of the temporal placement of the missing value on

predicting population abundance

Error differences in population abundance predictions for the testing set, considering the

temporal position of missing values in the training set (72 data points from the simulated

90 year time series) showed no significant improvement when missing values were imputed

using any of the techniques applied in this study (Fig. 3.6). Furthermore, regardless of the

number of missing values in the training set, none of the imputation methods yielded superior

results in predicting population abundance. This is further supported by the stable variability

in the error across the 50 datasets, indicating consistent performance across the different

imputation techniques (Fig. 3.6). However, our analysis revealed that the median MAE was

lower when missing data were imputed using either the Mean or MICE methods, rather than

being deleted, when more than 4% of missing values occurred in the last three quarters of

the dataset. Nonetheless, the differences among methods were minimal (Fig. 3.6).
67



3 IMPUTATION OF MISSING DATA IN ESTIMATING POPULATION DYNAMICS

As our simulated dataset incorporates the temporal aspect of population abundances, using

a single imputation technique such as the Mean would not meet the statistical assumptions

(e.g., white noise and normally distributed residuals (see Chapter 2 for more details)) of a

time series dataset when predicting population abundance. Therefore, MICE plays a crucial

role in imputing missing values for time-dependent datasets, particularly as it also integrates

information from a highly dependent covariate.

FIGURE 3.6. Mean Absolute Error (MAE) of testing set population abundance predictions
when missing values in the training set are imputed cumulatively using the Mean, Mov-
ing Average (MA), Kalman Filter (KF), and Multivariate Imputation by Chained Equations
(MICE) methods, as described in Fig. 3.3, for the 90-year simulated time series. The MAE
of A Priori represents the error differences between the testing set and predictions when
missing values were excluded from the training set. Boxplots show the variation in error
differences across the 50 simulated datasets.

3.4 Discussion

Long-term population abundance time series often contain significant gaps due to logistical

and financial constraints and environmental disturbances (Humbert et al., 2009). In data-

sets collected at low frequencies (e.g., seasonally or yearly), excluding records with missing

data is not a practical option (Nakagawa and Freckleton, 2008). Therefore, addressing miss-

ing data is essential to ensure the reliability of ecological analyses. Our study focused on

understanding the effects of imputation methods on factors such as time series length, the
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quantity, the temporal positioning of missing values, and their robustness across different

samples to select the most appropriate approach. Overall, our analyses showed that, in time-

dependent datasets concerning population abundance, the choice of imputation method has

minimal impact on predicting population abundance. This conclusion holds true regardless

of the temporal placement or number of missing values in the dataset. Consequently, the in-

terpretability and relevance of domain-specific insights derived from predicted abundances

remain largely unaffected by the selected imputation method.

3.4.1 Optimal simulation length

Our results exploring the optimal time series simulation length revealed that a time series of

60 years minimized the imputation error among the four simulated lengths tested in this study

(60, 90, 900, and 9000 years). Although extending the simulation length to 900 and 9000

years led to stabilization of error, the impracticality of acquiring such long-term data, led us

to select 90 year time series as the optimal simulation length. Importantly, all analyses in

this study were rigorously tested on simulated datasets with lengths 900 and 9000 years, yet

no notable improvement was observed compared to the performance of the 90 year dataset.

Consequently, choosing a 90 year time series provides a balance between methodological

rigor and the practical challenges of obtaining extensive long-term data.

3.4.2 Characteristics of missing values affecting imputation approaches

Understanding whether the performance of imputation approaches depends on the temporal

placement of missing values (e.g., beginning, middle, or end) and whether they are clustered

or randomly distributed is crucial for selecting the most suitable imputation method based

on the specific characteristics of missing data in a time series. Our results showed that

no imputation approach showed superior performance when comparing error differences

between the imputed and simulated population abundance values based on the position of

missing data. This observation remained consistent even as the proportion of missing values

increased in the simulated time series. The MICE method exhibited the lowest median error
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with up to 2% missing values in the initial quarter of the time series; however, the overall

differences among imputation methods were small, and MICE’s performance declined as

the proportion of missing values increased, especially in the latter three quarters. In contrast,

the Kalman filter method consistently outperformed others, especially when more than 4%

of missing values were present in the latter three quarters of the dataset. Supporting this

observation, (Agbailu et al., 2021) found that Kalman filter performs well in both small and

medium sample sizes when simulated using a linear trend model.

All imputation methods tested in this study performed similarly, regardless of whether gaps

occurred continuously between two observed population abundance values or randomly. In

support of this, Carpenter et al. (2025) found that the ability to fill gaps in a time series,

generated from a five-species coupled food chain model using the multiview cross map-

ping (MVCM) approach, was unaffected by the number of continuous gaps between ob-

served values. When applying this to monthly samples of Planktothrix rubescens from Lake

Zurich, Carpenter et al. (2025) demonstrated that, even with a 6-month gap before and after

each observed point, imputation performance was quite similar across multiple linear re-

gression, k-nearest neighbor imputation, and MVCM, the latter effectively capturing the

species’ abundance dynamics. In contrast, testing the case of randomly occurring missing

values, (Łopucki et al., 2022) emphasized that imputation results are highly dependent on

the chosen method, with Gradient Boosted Trees model outperforming median imputation

in a 7-year monitoring dataset on white stork offspring production. In addition, despite high

imputation performance, researchers have found that imputation methods often struggle to

capture extreme or high-frequency values (Chapon et al., 2023; Carpenter et al., 2025). For

ecological time series datasets, relying on single imputation techniques is not recommended,

as the imputed values may not adequately capture the dynamic boom and bust cycles inher-

ent in the dataset (Nakagawa, 2015; Onkelinx et al., 2017; Raja et al., 2020; Carpenter et al.,

2025). Similar concerns have been highlighted in other disciplines, including clinical data

(Khan, 2024) and climate data (Sa’adi et al., 2023), where imputation methods may not fully

preserve underlying patterns and variability.
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The choice of imputation method had minimal impact on predicting population abundance,

even when the temporal placement of missing values were taken into consideration. Results

remained consistent across different imputation techniques and varying proportions of miss-

ing data. Although MICE and Mean demonstrated slightly better performance when more

than 4% of missing values were present in the last three quarters, the overall influence of the

imputation method on predictions was limited.

Our findings have important implications for large-scale ecological databases, such as the

Global Population Dynamics Database, which compiles long-term ecological time series

data across various species and ecosystems. These large datasets are often subject to miss-

ing data due to challenges in data collection, such as sampling errors, logistical limitations,

or natural variability (Inchausti and Halley, 2002). By providing a framework for handling

missing values in such extensive time series, our study contributes to improving the reliab-

ility and completeness of these databases. This is crucial for ongoing ecological monitoring

and conservation efforts, where accurate and continuous data on population dynamics are

essential for making informed decisions.

Our study demonstrates that imputation emerges as a promising and viable solution to ad-

dress gaps in population abundance datasets characterized by extensive boom and bust cycles.

Despite the flexibility observed in the choice of imputation methods for both imputing miss-

ing values for error comparison between the original value and predicting abundances after

imputation, the outcomes consistently outperformed scenarios where missing values were

simply deleted. Therefore, we encourage ecologists to tackle the challenge of missing val-

ues by adopting time-dependent imputation approaches rather than relying on deletion to

improve the handling of missing data in time series analyses. Insights from this study will

be used in the handling missing values in analyses conducted in Chapters 4 and 5.
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CHAPTER 4

Identifying optimal forecast horizon and model training length for

forecasting population abundance

4.1 Introduction

Forecasting population abundance is critical in ecological research and wildlife management,

as anticipating future changes in abundance will support decision making for the conserva-

tion and management of species (Clark et al., 2001; Dietze et al., 2018). Accurate forecasts

can inform proactive measures to mitigate potential declines, protect threatened species, and

manage the sustainability of ecosystems. However, ecological systems are inherently com-

plex, characterized by nonlinear interactions, stochastic variability, and external drivers such

as climate change and environmental variables (Karunarathna et al., 2024). These complex-

ities pose significant challenges for developing robust forecasting models, emphasizing the

need for careful optimization of model configurations, such as forecast horizon and training

length (Petchey et al., 2015; Adler et al., 2020).

Ecological forecasting has received increasing attention in recent decades, with the growing

recognition of its use in addressing pressing environmental issues (Ward et al., 2014; Lofton

et al., 2022). Advances in statistical modeling and computational techniques have facilit-

ated the development of models capable of capturing complex population dynamics (Dennis

and Ponciano, 2014; Hobbs et al., 2015; Hooten and Hobbs, 2015). For example, state-

space models (Buckland et al., 2004; Hostetler and Chandler, 2015; Auger-Méthé et al.,

2021), generalized additive models (Wood, 2017; Pedersen et al., 2019; Clark and Wells,

2023; Karunarathna et al., 2024), and hierarchical Bayesian frameworks (Kéry and Schaub,
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2011; Dorazio, 2016; Dorazio and Karanth, 2017) have been extensively employed in ecolo-

gical studies to incorporate temporal trends, spatial variability, and environmental covariates

(Cressie et al., 2009; Dietze, 2017). Multivariate generalized additive models (MVGAMs)

stand out for their ability to model nonlinear interactions between species dynamics and

abiotic factors while incorporating latent dynamic processes to capture shared trends across

species or locations. This flexibility enables MVGAMs to effectively account for depend-

encies across multiple species and spatiotemporal scales, enhancing their applicability in

ecological forecasting (Clark et al., 2025; Karunarathna et al., 2024).

Despite these advancements, the selection of optimal forecast horizon and training length

remains under-explored, often resulting in suboptimal predictions that may hinder effective

decision-making. The forecast horizon; the length of time into the future for which predic-

tions are made (Coreau et al., 2009), is a critical parameter in ecological modeling. Although

longer forecast horizons provide insight into distant future dynamics, they often come at the

cost of increased uncertainty and reduced accuracy (Petchey et al., 2015). In contrast, shorter

horizons yield more precise predictions, but may limit the scope of management strategies.

Striking a balance between these aspects is crucial for ecological forecasting, as inappropri-

ate choices of forecast horizons can compromise the use of predictions. Similarly, the length

of historical data used to train models significantly influences their predictive performance.

Longer training periods may capture a broader range of ecological variability, but risk over-

fitting or incorporating changed dynamics, while shorter periods may fail to capture essential

long-term trends (Hyndman and Athanasopoulos, 2018).

In the context of population abundance forecasting, optimizing the length of both forecast

horizon and training period is particularly important given the dynamic nature of populations

and their sensitivity to environmental fluctuations (Dietze, 2017). Population dynamics are

often driven by a combination of biotic factors, such as reproductive rates, competition and

predation, and abiotic factors, including climate variability, food and shelter availability, and

anthropogenic pressures (Dickman et al., 2010; Greenville et al., 2013, 2016). For example,

rodent populations in arid regions are known to exhibit boom-and-bust cycles driven by rain-

fall variability, which requires models that account for these seasonal events while balancing
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forecast horizons and training lengths (Lima et al., 2008; Greenville et al., 2016; Clark et al.,

2025; Karunarathna et al., 2024). The interplay between these drivers further complicates

forecasting efforts, underscoring the importance of model calibration and validation to en-

sure reliable predictions.

Probabilistic forecasting offers a promising framework for improving the reliability of ecolo-

gical predictions by explicitly accounting for uncertainty (Dietze, 2017). Unlike point fore-

casts that provide single-valued predictions, probabilistic forecasts generate distributions of

future outcomes, enabling more robust evaluations of uncertainty and model performance.

Tools such as scoring rules; widely employed in both univariate and multivariate modeling

contexts, enable simultaneous evaluation of forecast accuracy and uncertainty (Gneiting and

Raftery, 2007; Keune et al., 2014; Scheuerer and Hamill, 2015; Simonis et al., 2021; Bjer-

regård et al., 2021; Alexander et al., 2024). These metrics are particularly valuable in ecolo-

gical forecasting, where uncertainty is driven by intricate interactions among environmental

variables, species-specific dynamics, and temporal variability. By leveraging probabilistic

approaches, researchers can more effectively assess the trade-offs between forecast horizons

and training lengths, optimizing model usage across diverse ecological systems. Adler et al.

(2020) highlights that the accuracy of forecasts depends not only on the models’ temporal

dynamics but also on their consideration of spatial correlations, emphasizing the need for a

more integrated approach.

In this study, we used the long-term monitoring data (1990 - 2022) from the Desert Ecology

Research Group (DERG dataset; see Chapter 2 for more details) on two species that show

contrasting dynamics (i.e., one species that has highly varying population dynamics while

the other has stable dynamics). The aims of this study were to 1) identify the most suitable

multivariate generalized additive model (MVGAM) structure to capture nonlinear relation-

ships between species dynamics and external drivers (building on the findings from Chapter

2, where we determined that the MARSS framework was not effective for forecasting species

abundance), and 2) determine the optimal combination of training length and forecast hori-

zon for each species. To achieve these objectives, we first fitted MVGAMS with three dif-

ferent trend components; Autoregressive (AR), Vector Autoregressive (VAR) and Gaussian
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Process (GP). The best-fitting model was selected based on a combination of leave-one-out

cross-validation technique, hindcast accuracy, and computational efficiency. We first filtered

models based on hindcast performance; specifically, those that closely matched the observed

capture patterns and captured a higher proportion of observed counts within the 95% predic-

tion intervals. From this subset, the final model was chosen by prioritizing predictive accur-

acy alongside reasonable average computation time, ensuring a balance between predictive

performance and practical feasibility. Using the selected model, we then explored different

combinations of training lengths and forecast horizons, evaluating the predictions of species

abundance through a scoring rule. We hypothesize that the MVGAM with the GP trend will

offer the best predictive performance due to its ability to capture smooth, nonlinear trends

and latent processes driving population fluctuations. We also expect that the MVGAM with

the VAR trend will outperform the AR trend model, as it can account for independent trends

across different species/locations, whereas the AR model assumes a shared trend across all

species/locations. Despite these differences in model structure, we anticipate similar compu-

tational efficiency across all three models. Additionally, we hypothesize that longer training

lengths will have a significant improvement in the model performance by incorporating a

broader range of population variability. However, the specific point at which the training

length is split is a critical factor in determining the extent of this improvement. We predict

that shorter forecast horizons will yield more precise forecasts, while longer horizons will

exhibit increasing uncertainty, with forecast performance declining more rapidly for spe-

cies with higher population variability. Finally, we expect that the optimal combination of

training length and forecast horizon will differ between the two species, reflecting their dis-

tinct population dynamics and sensitivities to environmental factors, thus highlighting the

importance of species-specific model calibration.

4.2 Material and methods
4.2.1 Study location

The long-term sampling carried out in the Simpson Desert in central Australia, was con-

ducted by the Desert Ecology Research Group (DERG) at the University of Sydney since
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1990 (Wardle and Dickman (2015), Wardle and Dickman (2018a), Wardle and Dickman

(2018b), Wardle and Dickman (2018c), unpublished data from 2018). The Simpson Desert

covers 170,000 km2 of mainly dune fields (73%), with the remainder comprising clay pans,

rocky outcrops, and gibber plains (Shephard, 1992). The study region of 8000 km2), spans

the border between Queensland and the Northern Territory (Fig. 2.1) and the vegetation of

the dune fields consists primarily of spinifex grasslands (Triodia basedowii)with scattered

shrubs (Acacia, Eremophilla, Grevillea), ephmeral forbs and a variety of other perennial

and annual grasses; interspersed are wide swales dominated by Georgina Gidgee woodlands

(Acacia georginae), or mallee eucalypts (Wardle et al., 2015). The region experiences highly

variable climatic conditions, with prolonged dry periods, or “busts”, elevated by productive

“boom” phases following rainfall in summer (Dickman et al., 2010; Greenville et al., 2013).

Temperatures can exceed 40°C in summer and drop below 5°C in winter (Purdie, 1984).

Rainfall is seasonal, with annual averages decreasing from northwest to southeast: 258.5

mm, 203 mm, and 157 mm at Boulia (136 years), Bedourie (79 years), and Birdsville (24

years) respectively (Bureau of Meteorology, 2024). Vegetation in the region is directly in-

fluenced by key ecological factors such as wildfires (Letnic, 2004) and cattle grazing (Frank

et al., 2013; Tulloch et al., 2023), with interactive effects shaping the abundance of fauna

species in the region. The mean minimum wildfire return interval in the region is 27 years

(Verhoeven et al., 2020). Cattle were removed from the study area in 2004 (Ethabuka Re-

serve) and 2006 (Pilungah Reserve) (Frank et al., 2016) (see Chapter 2 for further details).

4.2.2 Study species

Among the many small mammal species (Dickman et al., 2014) captured during live-trapping,

for this study, our primary focus was on two species exhibiting contrasting boom-and-

bust dynamics: the rodent Pseudomys hermannsburgensis (sandy inland mouse, 12 g) (Fig.

A2.3(B)), the small insectivorous dasyurid Sminthopsis youngsoni (lesser hairy-footed dun-

nart, 10 g) (Fig. A2.4(B)), and the carnivorous mulgara Dasycercus blythi (brush-tailed mul-

gara, 100 g), a predator of both the rodent and the small dasyurid, across all the seventeen

sites (Fig. 2.1).
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Capture data were analyzed at the grid level, as differences in the counts were observed

among grids within a site (Fig. A2.3(C) and Fig. A2.4(C)). To ensure data completeness

and reduce the bias from having many gaps, we selected grids with missing values (NAs)

below the 25th percentile for each site. However, when a site had only two grids, both were

included regardless of the missing data criterion. This selection process resulted in a total of

34 grids across all sites (each site having 2 grids; Fig. 4.1).

The standardized capture counts per 100 trap nights (TN) from 1990 - 2022 were averaged

biannually according to the mean minimum temperature and mean rainfall across the years

1998 - 2024. This was performed to reduce the loss of information by aggregating annually

and to make the most out of the sampling effort across the years, allowing us to better capture

ecological processes that might influence population dynamics. Since rainfall in this region

primarily occurs during the warmer months and the area lacks distinct four-season cycles,

biannual aggregation provided a more ecologically relevant timescale. In addition, a longer

timeframe (1998 - 2024) was used to determine the temperature and rainfall thresholds to

account for recent climate change, as typically we would use a longer range of years, such

as 100 years or the longest available historical data. According to data from two weather

stations closest to our study site, Bedourie (1998 - 2004) and Birdsville Airport (2000 -

2024), the mean minimum temperature has remained below 15°C and the mean rainfall has

been under 10 mm from May to September and the temperatures have increased during the

months from October to April (Fig. 4.2, Fig. A2.1 & Fig. A2.2). Therefore, we considered

the bi-annual separation as ‘cooler months’ (from May to September) and ‘hotter months’

(from October to April) and the species captures were averaged accordingly.

A variable ‘time’ was created to represent the sampling time points on a continuous scale,

ranging from 1 (corresponding to the cooler period of 1990) to 66 (corresponding to the

hotter period of 2022), reflecting the biannual separation into cooler and hotter months across

the years. Missing records were denoted as NA (not available) in the response variable.

Since the non-negative real-valued distribution family used in our modelling framework did

not accommodate zero observations (Fig. A2.3(A) & Fig. A2.4(A)), we added 0.01 to the

captures (Douma and Weedon, 2019).
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FIGURE 4.1. Thirty-four (34) study grid locations (2 grids per each seventeen sites) across
Pilungah Reserve (previously Cravens Peak Reserve), Tobermorey Station, Carlo Station and
Ethabuka Reserve, Simpson Desert, Australia.
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4.2.3 Covariate measurements

Resource availability and climatic conditions are crucial factors that affect the population

abundance of species as they influence the food availability, shelter, weather and possibil-

ity of predation (Dickman et al., 2014; Greenville et al., 2016). Therefore, from the DERG

dataset, we used cover, seeding, and flowering of the dominant vegetation species, spinifex

(Triodia basedowii), along with captures of D. blythi and the previous year rainfall as pre-

dictors in our models (see Chapter 2). Estimates of cover, seed productivity, and flowering

were aggregated by grid and trip (herewith ‘Avg. Spinifex Cover’, ‘Spinifex Seeding Score’

and ‘Spinifex Flowering Score’, respectively) over a 33-year period for each of the seventeen

sites (34 grids in total).

FIGURE 4.2. Mean Minimum Temperature (°C) and Mean Rainfall (mm) across the years
1998 - 2024 at Bedourie weather station.
Source: Bureau of Meteorology, Australian Government
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Total rainfall for each sampling month was calculated using daily data from automatic weather

stations (Environdata, Warwick, Queensland) located at each of the seventeen sites (see Fig.

2.1 for weather station locations). For consistency, we assumed that all grids within a site

experienced the same monthly rainfall. These weather stations were operational from 1995

to 2022. Daily rainfall data prior to 1995 were obtained from the nearest Bureau of Meteor-

ology weather stations to the study region (see Data preparation section of Chapter 2).

All covariate measurements were averaged based on the cooler and hotter months separation

described in Section 5.2.1. Avg. Spinifex Cover increased from approximately 10 to 50 by

the year 2000, with reduced dispersion (Fig. A2.3(D)). After 2000, however, the dispersion

increased, likely due to the heavy rainfall event followed by wildfire (Greenville et al., 2009)

that occurred in that year (Fig. A2.3(H)). A nonlinear relationship was also observed between

Avg. Spinifex Cover and the previous year’s rainfall (Fig. A2.3(N)). The Spinifex Flowering

Score and Spinifex Seeding Score did not exhibit clear seasonal patterns. However, both

flowering and seeding increased approximately every four years after 2006 (Fig. A2.3(E,

F)). Captures of D. blythi peaked in 2001 following the heavy rainfall in 2000, but were

consistently low in most of the sampled years. Additionally, captures of both P. hermanns-

burgensis and S. youngsoni appeared to increase with the previous year rainfall, indicating

a nonlinear relationship between the variables (Fig. A2.3(M) & Fig. A2.4(F)). Therefore,

we considered interactions between Avg. Spinifex Cover and previous year rainfall when

modeling the species abundance.

Exploration of the relationships between captures of P. hermannsburgensis and covariate

measurements revealed correlations with Avg. Spinifex Cover, Spinifex Seeding Score,

and Spinifex Flowering Score; however, these relationships appeared to be nonlinear (Fig.

A2.3(I, J, K)). A similar relationship was observed for S. youngsoni, but only with Avg. Spi-

nifex Cover (Fig. A2.4(D)), as this species does not rely on Spinifex seeding or flowering

(Bennison et al., 2018). Additionally, captures of both P. hermannsburgensis and S. young-

soni were observed to decrease significantly with increasing D. blythi captures, indicating

a negative correlation (Fig. A2.3(L)) & (Fig. A2.4(E)). Therefore, nonlinear relationships
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between the study species and vegetation variables, previous year rainfall and predator activ-

ity were considered in the model.

Since our modelling framework did not allow for missing covariate values, we imputed the

missing values using the multiple imputation technique - Multivariate Imputation by Chained

Equations as implemented through the mice package in R (Van Buuren and Groothuis-

Oudshoorn, 2011). We used Predictive Mean Matching (PMM) as the imputation algorithm

and averaged the imputations from 5 different imputed datasets for each covariate (see

Chapter 3 for more details).

4.2.4 Model training lengths and forecast horizons

To investigate the optimal training length and forecast horizon, we first divided the full data-

set of 66 time points, spanning from 1990 to 2022, into training and testing sets using a 70/30

split. This resulted in a training set with 46 time points and a testing set with the remaining

20 time points. To explore the effect of different training lengths, the training set was fur-

ther divided into two subsets. Training set 1 contained 23 time points, equivalent to 50% of

the training set, while Training set 2 included 37 time points, corresponding to 80% of the

training set.

FIGURE 4.3. Full dataset split into two training sets (Training set 1 and Training set 2) and
three forecast horizons (2 years, 10 years and all remaining data).
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For each training set (i.e. Training set 1 and Training set 2), we examined two forecast

horizons: 2 years (4 time points) and 10 years (20 time points), as well as an additional

forecast horizon that considered ‘all remaining data’ until 2022 (43 and 29 time points for

Training set 1 and Training set 2 respectively). When comparing the species population

abundance forecasts for 2 years and 10 years, we can directly compare them across the two

training sets as the forecast horizons are consistent. However, we should be cautious when

comparing the forecasts for the ‘all remaining data’ horizon across the two training sets as

the number of time points being forecast differs (Fig. 4.3).

4.2.5 Multivariate generalized additive models (MVGAM)

The multivariate generalized additive framework models the average of captures θit for each

grid i at a given time t based on the observed capture data Yit as:

Yit ∼ fYit
(θit) (4.1)

log(θit) = S1(x1) + S2(x2) + · · ·+ Sk(xk)

Here, f denotes an exponential probability distribution, while the smooth functions of cov-

ariates (X) are represented by S ′
is. These smooth functions can be multidimensional, such as

tensor product smooths (te) or tensor product interactions (ti) involving multiple covariates

(Pedersen et al., 2019).

As part of our methodology, we aimed to identify the most suitable model structure to com-

pare performance across different training lengths and forecast horizons. To achieve this,

we fitted three Bayesian MVGAMs with the same covariate specification but differing latent

trend components (to account for autocorrelation) for P. hermannsburgensis. These models

were fitted using Training set 1 (Section 4.2.4), and the optimal model structure was se-

lected based on three key criteria: (1) Pareto-smoothed importance sampling leave-one-out

cross-validation (PSIS-LOO), which estimates leave-one-out predictive accuracy through the

Estimated Log Predictive Density (ELPD) (Vehtari et al., 2017), (2) the computational ef-

ficiency, measured by the time required to fit each model, and (3) the hindcast accuracy
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evaluated on the training set. The selected model, referred to as the ‘final model,’ was sub-

sequently used for performance comparisons across different training lengths and forecast

horizons.

For S. youngsoni, we adopted the same statistical model structure as the final model for P.

hermannsburgensis. However, the covariate specification differed, as only Avg. Spinifex

Cover and previous year rainfall were included (Section 4.2.3). This adjustment reflected

differences in ecological drivers between the two species.

To model the grid-level captures, we used a Gamma distribution. The latent trend compon-

ents evaluated were: an Autoregressive model of order 1 (AR1), a Vector Autoregressive

model with uncorrelated errors of order 1 (VAR1), and a Gaussian Process (GP). While AR1

captures short-term dependencies with a simple autoregressive structure, VAR allows for

multiple independent trends without capturing cross-correlations (see Appendix 2 for fur-

ther details), and GP provides a highly flexible, smooth representation of trends by modeling

complex, nonlinear dependencies. These models were represented as GAM-AR, GAM-VAR,

and GAM-GP, respectively. This approach allowed us to identify the most appropriate model

structure while accounting for autocorrelation and species-specific covariate effects, ensur-

ing robust comparisons across training lengths and forecast horizons. The general structure

of the three models, GAM-AR, GAM-VAR, and GAM-GP, is the same, with the only differ-

ence being how the term Zit is specified. The model specification presented below applies

to all three versions, except for the formulation of Zit, which varies across models. These

variations are detailed in Appendix 2. Specifications of the final model (GAM-GP) are as

follows:

yit ∼ Gamma(µit, ∅) (4.2)

log(µit) =αgrid[i] + S1(D. blythi) + S2(Spinifex_Fl_Score)+

S3(Spinifex_Seed_Score) + S4(Spinifex_Avgcover, Rainfall(t−2)) + Zit

where,

i = 1, 2, . . . , 34
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µit = E(yit) : is the expected (average) captures per 100TN (TN = Trap Nights) for

grid i at time t

αgrid ∼ Normal(µgrid , σ
2
grid) : effect of grid i (random effect)

µgrid ∼ Normal(0, 1)

σ2
grid ∼ Exponential(0.5)

S1(D. blythi) : smooth function represents effects of the predator, D. blythi

β1 ∼ MultiNormal(0,Σ−1λ) : coefficients in smooth function S1(D. blythi)

S2(Spinifex_Fl_Score) : smooth function represents effects of Spinifex Flowering Score

β2 ∼ MultiNormal(0,Σ−1λ) : coefficients in smooth function S2(Spinifex_Fl_Score)

S3(Spinifex_Seed_Score) : smooth function represents effects of Spinifex Seeding Score

β3 ∼ MultiNormal(0,Σ−1λ) : coefficients in smooth function S3(Spinifex_Seed_Score)

S4(Spinifex_Avgcover, Rainfall(t−2)) : smooth function represents interaction effects of

Avg. Spinifex Cover and previous year Rainfall

β4 ∼ MultiNormal(0,Σ−1λ) : coefficients in smooth function

S4(Spinifex_Avgcover, Rainfall(t−2))

Σ−1 ∼ basis expansion function (supplied by mgcv function)

λ ∼ Normal(30, 25)

1

∅
∼ Exponential(5)

Zit ∼ MultiNormal(0, K) : Gaussian Process latent trend component

K(t, t′) = g2GP exp

(
− |t− t′|2

ρ2GP

)
gGP ∼ Normal(0, 0.5)

ρGP ∼ InverseGamma(1.49, 5.67)
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We used smooth terms to model nonlinear relationships between the species capture counts

and the covariates. A shrinkage version of the thin plate regression spline (bs = ‘ts’) was used

to model the effect of predator abundance (D. blythi) with a single basis function (k = 1).

Separate smooth terms were specified for Spinifex Flowering Score (k = 2) and Spinifex

Seeding Score (k = 2), both using thin plate splines with shrinkage. A tensor product smooth

term was used to model the interaction between Avg. Spinifex Cover and previous year rain-

fall, capturing the combined influence of vegetation cover as an environmental factor and

rainfall as a climatic factor. Thin plate splines (bs = ‘tp’) were employed as the marginal

bases, with k = 4 basis functions for average cover and k = 6 for rainfall. This specifica-

tion allowed for flexible modeling of the interaction while maintaining interpretability. The

marginal smoothing penalties ensured sufficient flexibility without overfitting.

An exponential prior was assigned to the inverse of the dispersion parameter (∅) in the

Gamma distribution, favoring larger values to accommodate overdispersion. This prior struc-

ture allowed the model to capture variance greater than the mean while retaining the flexib-

ility to approximate a standard Gamma distribution when evidence for overdispersion was

weak. To account for latent temporal trends in population abundance (Xit), a Gaussian Pro-

cess (GP) with a squared exponential covariance kernel was incorporated.

Models were fitted using the mvgam() function from the mvgam package in R (Clark and

Wells, 2023). To address data sparsity and prevent implausible values, a combination of

informative and weakly informative priors was specified. Posterior distributions were es-

timated using Hamiltonian Monte Carlo (HMC) sampling via the CmdStan interface (Stan

Development Team, 2024). The models were run with four parallel Markov chains, each

generating 2500 samples, with a burn-in period of 250 and thinning by a factor of 10. Com-

putation was performed using four threads and eight cores for efficiency. Convergence was

assessed by examining Rhat values (all of which were < 1.05), effective sample sizes, and

HMC divergences, ensuring minimal estimator bias. All analyses were performed in R 4.4.1

(R Core Team, 2024).
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4.2.6 Model evaluation strategy - Energy Score

We used the final model to compare performance across two training sets (Training set 1 and

Training set 2) and three forecast horizons (see Section 4.2.4). To evaluate out-of-sample

forecast accuracy, we employed the Energy Score (ES; Gneiting et al. (2008)), a multivariate

proper scoring rule. The Energy Score generalizes the univariate Continuous Ranked Prob-

ability Score (CRPS; Matheson and Winkler (1976); Hersbach (2000); Gneiting and Raftery

(2007); Alexander et al. (2024)) assessing both the accuracy of marginal distributions (how

well each forecast matches the observed counts) and the dependence structure between fore-

cast variables (how well the forecast captures the relationships between different grids).

The Energy Score evaluates probabilistic forecasts by computing the energy distance (typic-

ally using Euclidean distance) between the forecast distribution and the observed outcome.

Let y = (y1, . . . , yn)
′ be an observation of the n-dimensional random vector Y and let FX

denote the multivariate forecast distribution of Y, where xi and xj are independent random

vectors sampled from FX. By drawing M Monte Carlo realizations from the predictive cu-

mulative density function (CDF) FX, the Energy Score is defined as:

ES(FX,y) =
1

M

M∑
i=1

∥xi − y∥ − 1

2M2

M∑
i=1

M∑
j=1

∥xi − xj∥, (4.3)

where ∥ · ∥ denotes the Euclidean norm. The first term represents the average distance

between each forecast sample xi and the observed outcome y, while the second term ac-

counts for the pairwise distances between all forecast samples xi and xj, capturing the spread

and dependence structure of the forecast distribution. This formulation characterizes prob-

abilistic forecasts with a single scalar value, summarizing both the accuracy of individual

forecasts and the relationships between forecast variables. The interpretation of the Energy

Score is similar to that of the CRPS: a smaller score indicates a better probabilistic forecast.

Specifically, a lower Energy Score reflects 1) improved calibration, meaning the forecast

assigns high probability to values close to the observed outcome; 2) sharper predictions,

referring to a concentrated forecast distribution that avoids excessive uncertainty; and 3)
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a more accurate dependence structure, capturing the correct relationships among multiple

forecast variables, the grids.

Pinson and Girard (2012) and Pinson and Tastu (2013) highlight that the Energy Score is

sometimes ineffective for evaluating the dependency structure between grids of the forecas-

ted multivariate distribution. Therefore, as an additional approach, we also employed the

square root of the Weighted Variogram Score, a scoring rule that penalizes poorly calibrated

forecasts and failing to capture inter-species or inter-location correlations, as mentioned in

Clark et al. (2025), to assess whether the results would differ significantly from those ob-

tained with the Energy Score.

4.3 Results

4.3.1 Model selection

Training Set 1 (50%) included captures of P. hermannsburgensis across 34 grids over 23

time points. All models exhibited comparable hindcasts for captures from 1990 to 2001

(Training Set 1), with the 95% prediction interval successfully capturing nearly all observed

counts. For example, results for the Main Camp South grid are shown in Fig. 4.4, and

these findings were consistent across all grids. However, the posterior hindcasts tended to

be flat and failed to capture the observed boom-bust cycles, underestimating both peaks and

troughs. This suggests that while the models were able to account for general trends and

uncertainty during the training window, they struggled to represent extreme fluctuations in

abundance.

Differences among the models primarily emerged in terms of their generalization to new

data within the training window and computational efficiency, as evaluated through ELPD

differences and runtime metrics. The GAM-VAR model, despite having the highest ELPD,

indicating better predictive performance, required the most computational time (4.00 hours).

In contrast, the GAM-GP model, though slightly less accurate (ELPD difference of -3.4),

was much faster to fit (3.30 minutes), making it the most computationally efficient option.
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FIGURE 4.4. Hindcasts and uncertainty representation from the three multivariate general-
ized additive models with three varying latent trend components for Pseudomys hermanns-
burgensis captures at the Main Camp South grid, based on Training set 1 (50%). Dots in-
dicate observed captures, black solid line represents posterior hindcasts, and the grey shaded
region depicts the 95% prediction interval.

The GAM-AR model showed the lowest ELPD and took 37 minutes to fit. Given the trade-

off between predictive performance and computational efficiency, the GAM-GP model was

selected as the final model (Table 4.1). Its reasonable predictive performance, combined with

its quick fitting time, made it the optimal choice, particularly for scenarios requiring frequent

model updates or application to larger datasets.

The significance of covariates in the GAM-GP model differed from what was observed in the

MARSS model representation in Chapter 2. Surprisingly, the significance of the covariates

varied between the two training sets. When trained on Training Set 1, no covariates were

significant, whereas in Training Set 2, the effect of the predatory mulgara D. blythi was found
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to be significant (Table A2.1). In contrast, with updated model assumptions for the MARSS

model in Chapter 2, we observed that previous year rainfall and spinifex seed were significant

predictors of P. hermannsburgensis abundance, aligning with findings from Greenville et al.

(2016). On the other hand, when the final model was fitted for S. youngsoni (GAM-GP(only

cover)), with revised covariates, none of the predictors was found to be significant (Table

A2.1). This result was consistent with the updated MARSS model in Chapter 2 but diverged

from the findings of Greenville et al. (2016).

TABLE 4.1. Calculating the Estimated Log Predictive Density (ELPD) using pareto-
smoothed importance sampling leave-one-out cross-validation (PSIS-LOO) for the three
models fitted on Training set 1 (50%) for Pseudomys hermannsburgensis. Higher ELPD val-
ues indicate better generalization to new data within the training window. The final column
presents the computation times for each model.

Model Trend Model ELPD difference SE of ELPD difference Model fit time

GAM-VAR VAR1 0.0 0.0 4.00 hrs

GAM-GP GP -3.4 1.1 3.30 mins

GAM-AR AR1 -6.0 2.1 37.00 mins

4.3.2 Optimal training length and forecast horizon for species with

contrasting dynamics

We evaluated the forecast performance across the three forecast horizons, fitting the final

model with both Training set 1 and Training set 2 for both species: P. hermannsburgensis

(Model name: GAM-GP) and S. youngsoni (Model name: GAM-GP (only cover), as only

Avg. Spinifex Cover was included as the environmental factor). Despite the contrasting

dynamics between the species, both models required no more than 5 minutes for fitting, with

minimal differences in time between the two training sets. When forecasting for the ‘all

remaining data’ horizon for captures of P. hermannsburgensis using the shorter training set
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(Training set 1), approximately 4 minutes were required, which was slightly longer than the

time taken to forecast for the other horizons. However, the forecast times remained under 5

minutes for all three forecast horizons (Table 4.2). Overall, despite the contrasting dynamics

between the two species, the model fitting times for varying training lengths and forecasting

across multiple horizons were efficient. Both models required minimal computational time,

even for longer forecast periods. This shows that, regardless of the differing dynamics of

the species, the models are computationally efficient and capable of handling both short and

long forecast horizons effectively.

TABLE 4.2. Run times for fitting the final models of Pseudomys hermannsburgensis (GAM-
GP) and Sminthopsis youngsoni (GAM-GP(only cover)) on Training set 1 and Training set 2
and generating forecasts across three forecast horizons (2 years, 10 years and all remaining
data).

Model Training set
Model fit

time
(mins)

Forecast time (mins)

2 years 10 years All remaining
data

GAM-GP
Set 1 - 50% 3.30 3.26 3.38 4.01

Set 2 - 80% 5.00 1.56 2.08 2.14

GAM-GP(only cover)
Set 1 - 50% 3.50 1.25 1.35 1.49

Set 2 - 80% 3.50 2.23 2.32 2.34

For P. hermannsburgensis, the Energy Scores (ES) for the final model fitted with Training set

1 (50%) and Training set 2 (80%) show relatively higher mean values compared to those of

S. youngsoni, particularly for the 2 year and 10 year forecast horizons (Fig. 4.5). This trend

aligns with the species’ ecological characteristics, as P. hermannsburgensis exhibits popu-

lation dynamics that are more sensitive to environmental variability and seasonal changes,

characterized by boom-bust dynamics. As anticipated, the mean ES decreases (when com-

paring only between the 2 year and 10 year forecast horizons) when the model is trained with

a larger dataset, as it benefits from more data, improving its ability to forecast with greater

accuracy. However, the overlap in confidence intervals between the 50% and 80% training
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sets indicates that the forecast performance does not differ significantly between these train-

ing lengths, and this finding is consistent across both the 2 year and 10 year horizons. For

the ‘all remaining data’ horizon, the ES exhibits greater variability, as reflected by wider

confidence intervals. This increased variability likely arises from the challenges of forecast-

ing over an extended period, combined with the species’ inherently dynamic and fluctuating

population trends. Even so, training the model with 50% of the data and forecasting for 43

time points, compared to training with 80% of the data and forecasting for 29 time points,

does not result in a significant difference in forecast performance (Fig. 4.5). We also tested

the GAM-GP model by replacing the ‘Spinifex’ variables with the ‘Overall Vegetation’ vari-

ables, which incorporate all vegetation species surrounding the grids (‘Avg. Overall Cover’,

‘Overall Seeding Score’ and ‘Overall Flowering Score’). The results showed the same trends

(Fig. A2.5), confirming that the combined effect of all vegetation species is equivalent to that

of the dominant vegetation species. Therefore, the environmental variables of the dominant

vegetation species can serve as a reliable proxy for the overall vegetation species.

In contrast, the ES for S. youngsoni are generally lower and exhibit less variability across

the 2 year and 10 year forecast horizons, indicating more stable model performance (Fig.

4.5). This stability aligns with the ecological characteristics of S. youngsoni, whose popu-

lation dynamics are relatively consistent and primarily influenced by Avg. Spinifex Cover

and the previous year’s rainfall - the key covariates included in the model. Similar to P.

hermannsburgensis, minimal differences in ES are observed between Training set 1 (50%)

and Training set 2 (80%), as indicated by overlapping confidence intervals for the 2 year and

10 year horizons. While the ‘all remaining data’ horizon shows slightly wider confidence

intervals, the overall stability in ES supports the conclusion that S. youngsoni’s ecological

trends remain consistent, even over extended forecast periods (Fig. 4.5).

Overall, these observations indicate that both the GAM-GP model for P. hermannsburgensis

and the GAM-GP (only cover) model for S. youngsoni show robust performance across dif-

ferent training splits and forecast horizons (Fig. 4.5). The Weighted Variogram Scores (Fig.

A2.6) reveal similar trends, although the values are larger due to the inherent nature of this
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scoring metric. This supports the conclusion that the Energy Score adequately captures the

dependency structure between the grids.

FIGURE 4.5. Energy Scores for the final model of Pseudomys hermannsburgensis (GAM-
GP) and Sminthopsis youngsoni (GAM-GP(only cover)) fitted for Training set 1 (50%) and
Training set 2 (80%) and evaluated for three forecast horizons (2 years, 10 years and all
remaining data). Diamond and Square points represent mean scores across the forecasted
seasons within each forecast horizon, with error bars indicating the 95% confidence interval.
The colour differences within the 2 year and 10 year forecast horizons (blue and green) reflect
variations in covariate specifications between Pseudomys hermannsburgensis and Sminthop-
sis youngsoni. The ‘all remaining data’ horizon is represented in distinct colours (yellow &
red) to indicate differences in the number of time points, making direct comparisons with the
other horizons inappropriate.

Looking at the Energy Scores across all time points in the ‘all remaining data’ forecast

horizon for both P. hermannsburgensis (GAM-GP) and S. youngsoni (GAM-GP(only cover))

models fitted for Training set 1 and Training set 2 shows that both the models effectively

identify extreme conditions and return to original process (Fig. 4.6). High Energy Scores

correspond to identifying boom periods, while a sudden drop in scores at subsequent time

points indicates a bust. Consistent with the results above, the performance of each model

clearly reflects the contrasting species dynamics, as shown by the variation in Energy Scores

across all time points within the forecast horizon.
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FIGURE 4.6. Energy Scores for the final model of (A) Pseudomys hermannsburgensis
(GAM-GP) (yellow) and (B) Sminthopsis youngsoni (GAM-GP(only cover)) (red) fitted for
Training set 1 (solid line) and Training set 2 (dashed line) and evaluated for each forecasted
season within the ‘all remaining data’ horizon. Gaps were observed during cooler months
of 2015, 2016, 2020 & during hotter months of 2017, 2019, 2020, 2021, 2022 due to heavy
rainfall causing road closures and COVID-19 impeding travel to the study location.

4.4 Discussion

Our study focused on determining the optimal training length and forecast horizon to im-

prove the use of ecological forecasts for species abundance in dynamic environments. By

evaluating how far into the future useful predictions can be made and how ecological features

like population variability influence forecast accuracy, we aimed to advance the understand-

ing of the ecological forecast horizon. To achieve this, we focused on two ecologically

distinct species, a rodent - P. hermannsburgensis and a small dasyurid - S. youngsoni, which

provided contrasting population dynamics to evaluate model performance under varying con-

ditions.
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4.4.1 Model performance and selection

We first identified the best-fitting model structure to compare performance across differ-

ent training lengths and forecast horizons. Our model incorporated key predictors, includ-

ing cover, seeding, and flowering of the dominant vegetation species in the study region,

spinifex (Triodia basedowii), as well as rainfall from the previous year. Rainfall is well-

established as a critical driver of desert rodent community dynamics, primarily through its

role in stimulating the growth of essential food resources (Ernest et al., 2000; Thibault et al.,

2010; Bennison et al., 2018). In a study conducted southwest of the Northern Territory,

Australia, Bennison et al. (2018) observed that rodents showed a positive response to pre-

vious six months cumulative rainfall, while dasyurids exhibited a similar response within a

three-month period. Similarly, Greenville et al. (2016), working in the Simpson Desert (the

same study area as the DERG dataset), demonstrated that both P. hermannsburgensis and

S. youngsoni were strongly associated with rainfall from the previous year, highlighting the

importance of temporal rainfall patterns in shaping species-specific population dynamics.

Rainfall-driven pulses not only enhance food availability, such as seeds and flowers for ro-

dents (Bennison et al., 2018), but also increase vegetation cover, particularly spinifex, which

provides essential shelter (Greenville et al., 2016). However, prolonged droughts, fires, and

predation by larger dasyurids, such as D. blythi, amplify population declines through direct

impacts on prey species, including small rodents and dasyurids (Spencer et al., 2014). These

findings underscore the complex interplay between abiotic and biotic factors in influencing

desert mammal communities. Furthermore, our results confirm the nonlinear relationships

between these ecological drivers and species abundance (Lima et al., 2008; Thibault and

Brown, 2008; Karunarathna et al., 2024).

We evaluated three MVGAMs with different trend components; GAM-AR, GAM-VAR, and

GAM-GP, using 50% of the data (Training set 1) for P. hermannsburgensis. While all models

generated hindcasts that captured general temporal and spatial variability of P. hermanns-

burgensis within the training set, our analysis highlighted trade-offs between generaliza-

tion to new data and computational efficiency. Although the GAM-VAR model exhibited

the highest predictive performance, as indicated by its ELPD, the substantial runtime (4.00
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hours) made it impractical for applications requiring frequent model updates or scalability to

larger datasets. Conversely, the GAM-GP model, with only a modest reduction in predictive

performance (ELPD difference of -3.4), emerged as the most computationally efficient op-

tion, requiring just 3.30 minutes to fit. This efficiency is particularly relevant for ecological

forecasting, where quick model updates are often required to incorporate new data or ad-

apt to changing environmental conditions (Dietze et al., 2018). The GAM-AR model, while

faster than GAM-VAR (37 minutes), demonstrated the lowest predictive accuracy and was

thus less suitable for the study objectives. These findings align with Clark et al. (2025), who

reported that the VAR model outperformed in most validation procedures but fell slightly

behind the AR model when the training set excluded a major rodent abundance shift caused

by drought in multi-species analyses. These findings align with prior studies that emphasize

the value of computationally efficient models in ecological research, particularly in time-

sensitive conservation efforts or large-scale environmental datasets (Wood, 2017; Simpson

et al., 2017; Pedersen et al., 2019). The selection of the GAM-GP model reflected a prag-

matic approach that balances accuracy and efficiency (Karunarathna et al., 2024). This is

consistent with previous research highlighting the flexibility and computational advantages

of Gaussian Process-based models for ecological forecasting (Vanhatalo et al., 2012; Sigour-

ney et al., 2012; Golding and Purse, 2016).

The significance of the covariates in the GAM-GP model for P. hermannsburgensis varied

depending on the training set used. We observed that no covariates were significant when

the model was trained on Training Set 1 while only the effect of the predatory mulgara D.

blythi was significant when Training Set 2 was used. This significance of the predictors that

affect the abundance of P. hermannsburgensis contrasted with what we found in Chapter

2, where both previous year rainfall and spinifex seeding were significant. In addition, the

GAM-GP(only cover) model fitted for S. youngsoni showed no significant covariates that

aligned with the updated model assumptions of the MARSS model in Chapter 2 but slightly

contrasting from Greenville et al. (2016). These findings underscore that the significance of

covariates influencing small mammal abundance is highly dependent on the model, regard-

less of the underlying species’ dynamics. Moreover, the range and variability of the training
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data strongly influence covariate significance, particularly in species with high boom-bust

dynamics compared to those with more stable dynamics.

4.4.2 Forecast performance across training lengths and forecast

horizons

Understanding the optimal amount of data required for model training and the forecast ho-

rizon that can provide reliable predictions is a critical challenge for ecologists, especially in

studies with sparse data.

The comparison of training lengths and forecast horizons offers valuable insights into the

models’ flexibility and reliability across different data availability scenarios. Despite the in-

herent differences in the population dynamics of P. hermannsburgensis and S. youngsoni,

the GAM-GP model consistently demonstrated both computational efficiency and robust

performance. Notably, the model fit times for 50% and 80% training sets, along with the

forecast times for 2 year, 10 year, and all remaining data horizons, were all under 5 minutes.

This efficiency of the GAM-GP model enables the rapid execution of multiple comparis-

ons, making it possible to explore a wide range of management scenarios, such as those

aimed at increasing plant cover (e.g., through wildfire reduction), or assessing the potential

impacts under future climate scenarios. By allowing the model to process different time

series lengths and scenarios, more extensive analyses can be conducted within a very limited

time, providing a broader understanding of how environmental and management changes

may influence species dynamics. This capacity for running numerous simulations supports

the development of timely, informed, data-driven decision-making processes, which will be

further explored in Chapter 5 with actual future forecasts.

The results showed that the model performed well across all training splits and forecast ho-

rizons tested in the study. For P. hermannsburgensis, the higher and more variable Energy

Scores (ES) observed across the 2 year and 10 year forecast horizons reflect the species’

boom-bust dynamics, which are driven by environmental variability and seasonal fluctu-

ations. These findings are consistent with previous studies on arid-zone rodents, which em-

phasize their sensitivity to rainfall and other environmental drivers (Dickman et al., 2014;
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Greenville et al., 2016). The decreasing mean ES with larger training datasets suggests that

more data enhances the model’s ability to capture complex population dynamics. However,

the overlapping confidence intervals indicate no significant difference in forecast perform-

ance across different training splits and forecast horizons, pointing to the stability of the

model’s predictions. However, Simonis et al. (2021) highlights that model performance can

vary between short-term and long-term forecast horizons depending on the specific model

applied, particularly when analyzing long-term rodent population time series. Therefore,

while the model generates robust forecasts regardless of training length or forecast horizon,

it is crucial to carefully consider where the training and testing sets are split, ensuring that

the training set adequately captures complex dynamics and significant shifts in population

trends.

In contrast to P. hermannsburgensis, the relatively stable ES observed for S. youngsoni across

the 2 year and 10 year horizons is consistent with the species’ more stable population dynam-

ics, which are primarily influenced by Avg. Spinifex Cover and the previous year’s rainfall.

The reduced variability in ES across forecast horizons highlights the model’s robustness in

predicting consistent ecological trends. These findings support earlier work by Letnic et al.

(2013), which documented the resilience of S. youngsoni populations to environmental fluc-

tuations, such as those driven by droughts and changes in vegetation cover.

The GAM-GP model’s ability to generalize across different forecast horizons is particularly

noteworthy. For both species, minimal differences in ES were observed between the 2 year

and 10 year horizons, despite the challenges posed by extended forecasting periods. Inter-

estingly, when forecasting for the full testing set (the ‘all remaining data’ horizon), both

species exhibited broader confidence intervals, regardless of the training set length. This

outcome reflects the inherent uncertainty associated with longer-term predictions, especially

for species with dynamic population trends, such as P. hermannsburgensis. This uncertainty

quantification aligns with findings from Petchey et al. (2015) and Adler et al. (2020), who

emphasized the importance of accounting for forecast uncertainty, particularly over extended

periods.
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These findings carry practical implications for ecological forecasting, suggesting that mod-

els trained on smaller datasets can still provide reliable forecasts, which can reduce data

collection costs and facilitate more frequent model updates. Additionally, the GAM-GP

model’s ability to handle extended forecast horizons underscores its potential for long-term

ecological predictions, even in the face of species-specific challenges, such as dynamic pop-

ulation fluctuations or more stable trends. This capacity makes GAM-GP a valuable tool for

researchers working in areas with limited data or where forecasting future ecological states

is critical for management and conservation efforts.

4.4.3 Ecological implications

The substitution of “Spinifex” variables with “Overall Vegetation” variables yielded con-

sistent results, confirming that dominant vegetation species can serve as reliable proxies for

overall vegetation dynamics. This finding simplifies the selection of environmental cov-

ariates for ecological models, reducing the need for comprehensive vegetation surveys and

enabling more streamlined data collection processes. The equivalence of results between

dominant and overall vegetation variables aligns with ecological theories emphasizing the

disproportionate influence of dominant species on ecosystem structure and function (Grime,

1998; Smith et al., 2009). Furthermore, this supports the notion that dominant species often

drive community-level responses to environmental changes (HilleRisLambers et al., 2012).

Additionally, the application of alternative scoring metrics, such as Weighted Variogram

Scores (WVS), supported the trends observed with Energy Scores (ES), though with higher

absolute values. This finding underscores the importance of employing multiple evaluation

metrics to comprehensively assess model performance, particularly in spatially structured

data. WVS provides valuable insights into the dependency structure between spatial grids,

complementing the broader evaluation provided by ES (Gneiting and Raftery, 2007; Simonis

et al., 2021; Alexander et al., 2024). Given the robustness of the GAM-GP model in produ-

cing reliable forecasts for species with contrasting dynamics, in Chapter 5, we will generate

real forecasts into the future with the support of projected covariate data.
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38(7):841–849.

Lima, M., Ernest, S. M., Brown, J. H., Belgrano, A., and Stenseth, N. C. (2008). Chihuahuan

desert kangaroo rats: nonlinear effects of population dynamics, competition, and rainfall.

Ecology, 89(9):2594–2603.

Lofton, M. E., Brentrup, J. A., Beck, W. S., Zwart, J. A., Bhattacharya, R., Brighenti, L. S.,

Burnet, S. H., McCullough, I. M., Steele, B. G., Carey, C. C., et al. (2022). Using near-

term forecasts and uncertainty partitioning to inform prediction of oligotrophic lake cy-

anobacterial density. Ecological Applications, page e2590.

Matheson, J. E. and Winkler, R. L. (1976). Scoring rules for continuous probability distribu-

tions. Management science, 22(10):1087–1096.

Pedersen, E. J., Miller, D. L., Simpson, G. L., and Ross, N. (2019). Hierarchical generalized

additive models in ecology: an introduction with mgcv. PeerJ, 7:e6876.

107



4 OPTIMIZING FORECAST HORIZON AND MODEL TRAINING LENGTH

Petchey, O. L., Pontarp, M., Massie, T. M., Kéfi, S., Ozgul, A., Weilenmann, M., Palamara,

G. M., Altermatt, F., Matthews, B., Levine, J. M., et al. (2015). The ecological forecast

horizon, and examples of its uses and determinants. Ecology Letters, 18(7):597–611.

Pinson, P. and Girard, R. (2012). Evaluating the quality of scenarios of short-term wind

power generation. Applied Energy, 96:12–20.

Pinson, P. and Tastu, J. (2013). Discrimination ability of the Energy score. DTU Compute

Technical Report-2013.

Purdie, R. (1984). Land systems of the Simpson desert region. Natural Resources Series,

2:1–71.

R Core Team (2024). R: A Language and Environment for Statistical Computing. R Found-

ation for Statistical Computing, Vienna, Austria.

Scheuerer, M. and Hamill, T. M. (2015). Variogram-based proper scoring rules for probab-

ilistic forecasts of multivariate quantities. Monthly Weather Review, 143(4):1321–1334.

Shephard, M. (1992). The Simpson Desert: natural history and human endeavour. Royal

Geographical Society of Australasia, Adelaide, Australia.

Sigourney, D. B., Munch, S. B., and Letcher, B. H. (2012). Combining a bayesian nonpara-

metric method with a hierarchical framework to estimate individual and temporal variation

in growth. Ecological Modelling, 247:125–134.

Simonis, J. L., White, E. P., and Ernest, S. M. (2021). Evaluating probabilistic ecological

forecasts. Ecology, 102(8):e03431.

Simpson, D., Rue, H., Riebler, A., Martins, T. G., and Sørbye, S. H. (2017). Penalising

model component complexity: A principled, practical approach to constructing priors.

Statistical Science, 32(1):1–28.

Smith, M. D., Knapp, A. K., and Collins, S. L. (2009). A framework for assessing ecosystem

dynamics in response to chronic resource alterations induced by global change. Ecology,

90(12):3279–3289.

Spencer, E. E., Crowther, M. S., and Dickman, C. R. (2014). Diet and prey selectivity of three

species of sympatric mammalian predators in central Australia. Journal of Mammalogy,

95(6):1278–1288.

108



REFERENCES

Stan Development Team (2024). Stan Modeling Language Users Guide and Reference

Manual. Version 2.36.

Thibault, K. M. and Brown, J. H. (2008). Impact of an extreme climatic event on community

assembly. Proceedings of the National Academy of Sciences, 105(9):3410–3415.

Thibault, K. M., Ernest, S. M., White, E. P., Brown, J. H., and Goheen, J. R. (2010). Long-

term insights into the influence of precipitation on community dynamics in desert rodents.

Journal of Mammalogy, 91(4):787–797.

Tulloch, A. I., Healy, A., Silcock, J., Wardle, G. M., Dickman, C. R., Frank, A. S., Aubault,

H., Barton, K., and Greenville, A. C. (2023). Long-term livestock exclusion increases

plant richness and reproductive capacity in arid woodlands. Ecological Applications,

33(8):e2909.

Van Buuren, S. and Groothuis-Oudshoorn, K. (2011). mice: Multivariate imputation by

chained equations in R. Journal of Statistical Software, 45:1–67.

Vanhatalo, J., Veneranta, L., and Hudd, R. (2012). Species distribution modeling with Gaus-

sian processes: A case study with the youngest stages of sea spawning whitefish (Corego-

nus lavaretus L. sl) larvae. Ecological Modelling, 228:49–58.

Vehtari, A., Gelman, A., and Gabry, J. (2017). Practical Bayesian model evaluation using

leave-one-out cross-validation and WAIC. Statistics and Computing, 27:1413–1432.

Verhoeven, E. M., Murray, B. R., Dickman, C. R., Wardle, G. M., and Greenville, A. C.

(2020). Fire and rain are one: extreme rainfall events predict wildfire extent in an arid

grassland. International Journal of Wildland Fire, 29(8):702–711.

Ward, E. J., Holmes, E. E., Thorson, J. T., and Collen, B. (2014). Complexity is costly: a

meta-analysis of parametric and non-parametric methods for short-term population fore-

casting. Oikos, 123(6):652–661.

Wardle, G. and Dickman, C. (2015). Desert Ecology Plot Network: Mammal, Reptile and

Vegetation Data Associated with Weather, Simpson Desert, Western Queensland, Aus-

tralia, 1990–2011. Long Term Ecological Research Network. http://www.ltern.org.au/

knb/metacat/ltern.111.57/html. Accessed on 16/01/2025.

109

http://www.ltern.org.au/knb/metacat/ltern.111.57/html
http://www.ltern.org.au/knb/metacat/ltern.111.57/html


4 OPTIMIZING FORECAST HORIZON AND MODEL TRAINING LENGTH

Wardle, G. and Dickman, C. (2018a). Desert Ecology Plot Network: Mammal Abund-

ance Plot-data, Simpson Desert, Western Queensland, 1990+. Long Term Ecological Re-

search Network. http://www.ltern.org.au/knb/metacat/ltern6.196.8/html. Accessed on

16/01/2025.

Wardle, G. and Dickman, C. (2018b). Desert Ecology Plot Network: Vegetation Plot-data,

Simpson Desert, Western Queensland, 1993+. Long Term Ecological Research Network.

http://www.ltern.org.au/knb/metacat/ltern6.195.11/html. Accessed on 16/01/2025.

Wardle, G. and Dickman, C. (2018c). Desert Ecology Plot Network: Weather Data (daily

and monthly), Simpson Desert, Western Queensland, 1995+. Long Term Ecological Re-

search Network. http://www.ltern.org.au/knb/metacat/ltern6.194.7/html. Accessed on

16/01/2025.

Wardle, G. M., Greenville, A. C., Frank, A. S., Tischler, M., Emery, N. J., and Dickman,

C. R. (2015). Ecosystem risk assessment of Georgina gidgee woodlands in central Aus-

tralia. Austral Ecology, 40(4):444–459.

Wood, S. N. (2017). Generalized additive models: an introduction with R. Chapman and

Hall/CRC.

110

http://www.ltern.org.au/knb/metacat/ltern6.196.8/html
http://www.ltern.org.au/knb/metacat/ltern6.195.11/html
http://www.ltern.org.au/knb/metacat/ltern6.194.7/html


CHAPTER 5

Near-term forecasts of population abundances using projected rainfall

data under climate change scenarios

5.1 Introduction

Ecologists face the critical challenge of providing reliable scientific forecasts of future ecolo-

gical outcomes. This is more challenging due to the stochasticity of ecosystems, the complex

interactions of biotic and abiotic factors, and the uncertainty associated with environmental

change. Addressing this global challenge requires anticipating the impacts of environmental

change on ecosystem function and biodiversity (Carpenter, 2002; Lewis et al., 2023). In an

era of rapid climatic and environmental shifts, the need for reliable ecological forecasts has

never been more critical. Accurate forecasts are fundamental to informing conservation man-

agement, mitigating biodiversity loss, and ensuring the resilience of ecosystems (Clark et al.,

2001). As we enter a phase where management is moving toward climate adaptation, given

the challenges and delays in mitigating climate change, the need for near-term ecological

forecasts is paramount (Stein et al., 2013). However, achieving this level of predictive cap-

ability presents both theoretical and methodological challenges, particularly when extending

forecasts beyond the scope of observed data.

Traditionally, ecological forecasting has relied on statistical models evaluated on historical

data to predict future conditions. These models often employ a data-partitioning strategy,

where the dataset is divided into training and testing subsets. The training set is used to fit

the model, while the testing set evaluates its predictive performance (Dietze, 2017). Taking

a different approach of predicting change in species distribution by comparing two distinct

time periods, Piirainen et al. (2023) highlight the importance of capturing sufficient variation
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in the training data which otherwise would challenge the reliability of predicted spatial pat-

terns. While this approach provides important insights into model accuracy and robustness,

it remains constrained by the conditions of the observed past. Dietze (2017) highlighted that

a truly successful ecological forecast must not only be able to explain past observations but

also provide forecasts that extend beyond these observations, offering stronger evidence for

hypotheses and greater confidence in future forecasts by reducing the risk of overfitting. This

shift from within-sample testing to out-of-sample forecasting presents a critical opportunity

to improve the relevance and application of ecological models.

One of the key limitations in ecological forecasting is the challenge of validating forecasts

(Beaumont et al., 2007). Without future observations, directly assessing forecast accuracy

using formal measures is impossible. This absence of ground truth data raises significant

concerns regarding the reliability of models and their forecasts. To address this, uncertainty

quantification becomes a cornerstone of ecological forecasting (Thuiller et al., 2004; Gau-

thier et al., 2016). Accurately understanding and communicating the uncertainty associated

with forecasts is critical, especially when those forecasts inform conservation strategies and

management decisions that will impact the state of ecosystems for years to come (Valle et al.,

2009; Nichols et al., 2011; Mouquet et al., 2015). Methods such as probabilistic forecasting

and Bayesian approaches can help to quantify this uncertainty, providing a range of potential

outcomes rather than a single deterministic forecast value. For example, Finley et al. (2012)

shows how Bayesian methods can incorporate prior knowledge and account for uncertainty

in model parameters, thereby offering more robust and transparent forecasts. Moreover, Di-

etze et al. (2018) advocate for iterative forecasting frameworks that refine forecasts over time

as new data become available, thereby reducing uncertainty and improving forecast reliabil-

ity. On the other hand, matrix population models are commonly used to project population

abundance by considering various life stages (e.g., age, size, location) of the species. How-

ever, because these models require the collection of additional stage-specific data, which

can be challenging, uncertainty tends to propagate through the projections (Fujiwara and

Caswell, 2002; Caswell, 2000). Therefore, approaches that quantify uncertainty are essen-

tial not only for validating forecasts but also for guiding decision-making under conditions

of uncertainty.
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Forecasting species population dynamics presents unique challenges due to the influence of

external environmental factors such as rainfall, temperature, land-use changes and broader

climate cycles such as El Niño-Southern Oscillation (ENSO) (Letnic and Dickman, 2006;

Greenville et al., 2009). Rainfall is widely recognized as a critical driver of the dynamics of

the desert rodent community, mainly through its role in stimulating the growth of essential

food resources (Ernest et al., 2000; Thibault et al., 2010; Bennison et al., 2018) and research-

ers have found that the temporal effects of rainfall vary between rodents and dasyurids in arid

environments Bennison et al. (2018); Greenville et al. (2016). Apart from enhancing food

availability (Bennison et al., 2018), rainfall also increases vegetation cover, which provides

essential shelter for teh small mammal species (Greenville et al., 2016). Therefore, under-

standing how these variables interact under different future scenarios is essential to accur-

ately forecast species abundance, identifying potential population declines or risks of extinc-

tion, and informing the development of effective conservation strategies. This highlights the

critical need to understand the current state of climate change in order to facilitate forecasting

population abundance under future climate change scenarios. Beaumont et al. (2007) used

projected temperature and rainfall data from climate models available in the Programme for

Climate Model Diagnosis and Intercomparison (PCMDI) data archive to project bioclimatic

envelopes for nine Australian butterfly species. Their findings revealed greater consistency

within individual climate models compared to projections across different models, high-

lighting the importance of model selection. Similarly, studies using bioclimatic models have

shown that forecasts derived from different climate models can yield significant variability

in projected species distributions (Thuiller, 2004; Beaumont et al., 2005; Saxon et al., 2005).

On the other hand, Tsiftsis et al. (2024) claims that species distribution projections should

include all potential environmental factors, not just climatic variables, as neglecting them

would question the reliability of the projections. However, there is a contradiction between

the more common ecological forecasts that are based on long-term climate change projec-

tions, and the shorter time frames required for environmental decision-making (Dietze et al.,

2018). Decision-makers typically need near-term forecasts (ranging from daily to decadal)

modeled on current data and projections that evaluate alternative management strategies.

This underscores the need for downscaled, high-frequency climate projections (e.g. daily,
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monthly, seasonal, yearly) and more timely, data-driven models to bridge the gap between

research and practical, decision-relevant forecasting.

In Chapter 4, we used historical data to fit multivariate generalized additive models (MVGAMs)

and predict population dynamics based on observed climate and vegetation conditions. While

this approach yielded valuable insights into the relationships between population dynamics

and past environmental variables under different model specifications, it was constrained by

its inability to forecast future population trends beyond the scope of observed data. There-

fore, this study advances the work in Chapter 4 by incorporating projected climate data into

the forecasting process.

Using long-term population abundance data from the DERG dataset (1990 – 2022), this

study aims to forecast the abundance of two species with contrasting population dynamics;

the rodent Pseudomys hermannsburgensis and the small insectivorous dasyurid Sminthopsis

youngsoni, over two near-term horizons; 4 years, chosen to be relevant to on-ground man-

agement actions and 12 years to reflect a period of years within another ENSO cycle is likely

to have happened. We generate forecasts by integrating rainfall projections from different

climate change scenarios, known as Shared Socioeconomic Pathways (SSPs) (Meinshausen

et al., 2020), which represent a range of future greenhouse gas emission trajectories to act

as a future resource state of environment. We predict that the forecasts for the rodent, sandy

inland mouse (P. hermannsburgensis), a species with highly varying dynamics, will be dif-

ferent across the two near-term horizons, with the reliability of forecasted abundance de-

creasing over the longer horizon (Ward et al., 2014; Petchey et al., 2015; Lewis et al., 2022).

However, we expect to see considerable fluctuations in population abundance under more

extreme climate change scenarios. These fluctuations will reflect the species’ sensitivity

to environmental changes, potentially leading to vastly different management and conser-

vation decisions. However, for the lesser hairy-footed dunnart, small insectivorous dasy-

urid (S. youngsoni), the species with more stable dynamics, we anticipate relatively con-

sistent population trends with minimal variations in response to climate change scenarios.

This contrast in dynamics will highlight the varying resilience of species to climate-induced

changes and emphasize the importance of timely decision-making. In addition, our approach
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demonstrates that even in locations where abundance data are sparse or largely missing, the

MVGAM method allows for reliable forecasting. Overall, this novel approach represents

a significant advancement in ecological forecasting, providing a framework for anticipat-

ing future population trends under diverse environmental scenarios and offering actionable

insights for conservation and management.

5.2 Material and methods

5.2.1 Study location and study species

The Desert Ecology Research Group (DERG) at the University of Sydney has been conduct-

ing long-term ecological monitoring in the Simpson Desert, Australia since 1990 (Wardle

and Dickman (2015), Wardle and Dickman (2018a), Wardle and Dickman (2018b), Wardle

and Dickman (2018c), unpublished data from 2018). The Simpson Desert covers 170,000

km2 of mainly dune fields (73%), with the remainder comprising clay pans, rocky outcrops,

and gibber plains (Shephard, 1992). The study region of 8000 km2, spans the border between

Queensland and the Northern Territory (Fig. 2.1) and the vegetation of the dune fields is

characterized by spinifex hummock grasslands (Triodia basedowii) with scattered shrubs

(Acacia, Eremophilla, Grevillea), ephmeral forbs and a variety of other perennial and annual

grasses; interspersed are wide swales dominated by Georgina Gidgee woodlands (Acacia

georginae), or mallee eucalypts (Wardle et al., 2015). Climatic conditions are highly vari-

able, alternating between extended dry periods (“busts”) and productive “boom” phases fol-

lowing summer rainfall (Dickman et al., 2010; Greenville et al., 2013). Temperatures range

from over 40°C in summer to below 5°C in winter (Purdie, 1984), while annual rainfall var-

ies spatially, averaging 258.5 mm in Boulia (136 years), 203 mm in Bedourie (79 years), and

157 mm in Birdsville (24 years) (Bureau of Meteorology, 2024) (see Chapter 2 for further

details).

Building on the work presented in Chapter 4, our primary focus remains on the same two

species, which exhibit contrasting boom-and-bust dynamics: the rodent Pseudomys her-

mannsburgensis (sandy inland mouse, 12 g) and the small insectivorous dasyurid Sminth-

opsis youngsoni (lesser hairy-footed dunnart, 10 g). Capture data were analyzed at the grid
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level due to significant variations in abundances among grids within the same site. Live cap-

ture counts of P. hermannsburgensis and S. youngsoni from 1990 to 2022 were standardized

per 100 trap nights across the thirty four grids (Fig. 4.1), averaged biannually (to cooler and

hotter months separation), and assigned a continuous time variable (‘time’) ranging from 1

to 66, while missing records were denoted as NA (see Chapter 4 for more details).

5.2.2 Historical and projected rainfall data

We gathered high-resolution monthly rainfall projections for Australia through the dynam-

ical downscaling of global climate models (GCMs) from the latest phase of the Coupled

Model Intercomparison Project (CMIP6). These projections were produced by the Queens-

land Future Climate Science Program (Syktus et al., 2020; Chapman et al., 2023). Eleven

CMIP6 GCMs were selected to generate downscaled climate change simulations, with three

of these models run in multiple configurations, resulting in an ensemble of 15 regional cli-

mate models (RCMs). The Conformal Cubic Atmospheric Model (CCAM; (McGregor,

2005; McGregor and Dix, 2008)) was used to dynamically downscale the GCMs to a 10 km

spatial resolution over Australia in both atmospheric-only and coupled atmosphere-ocean

configurations (see Chapman et al. (2024) for further details). This process produced 60

downscaled simulations for historical (1960 – 2014) and future projections (2015 - 2100)

based on three Shared Socioeconomic Pathways (SSPs). The SSPs represent possible fu-

ture socioeconomic pathways and their associated greenhouse gas emissions (O’Neill et al.,

2016; Meinshausen et al., 2020). The three climate change scenarios (SSPs) used in ob-

taining projections are (Meinshausen et al., 2020): 1) SSP126: the ‘Sustainability’ scenario

which assumes a gradual reduction in global emissions, with net zero achieved only after

2050, leading to a stabilization of warming at approximately 1.8°C by 2100, 2) SSP245: the

‘Middle-of-the-road’ scenario projects emissions remaining steady at current levels before

declining in the middle of the century. However, net zero is not achieved by 2100, resulting in

a temperature rise of about 2.7°C by the end of the century and 3) SSP370: A medium-high

emissions scenario corresponding to the ‘Regional rivalry’ socioeconomic family where both
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emissions and temperatures continue to rise, leading to an estimated warming of approxim-

ately 3.6°C by 2100. The added value of high-resolution (10 km) projections for assessing

the impacts of climate change is particularly evident in areas with complex terrain, coastal

regions, and for climate extremes (Rummukainen, 2016; Giorgi, 2019). These factors make

the dataset particularly well-suited for our study site, which features diverse and complex

environmental characteristics.

The selection of regional climate model projections for our study followed a three-step pro-

cess. First, we focused on a subset of models (Table 5.1) developed by local institutions (i.e.,

CSIRO and the Bureau of Meteorology) to ensure representation of local climatic behavior

(see Trancoso et al. (2024) for descriptions of the contributing institutions and the origins of

the models).

TABLE 5.1. Subset of the 15 regional climate models (RCMs) developed by CSIRO and the
Bureau of Meteorology.

CMIP6 model name Model name Ensemble member

ACCESS-ESM1.5
Australian Community Climate and Earth System Simulator,

version 1.5, CCAM atmospheric model version
r6i1p1f1

ACCESS-ESM1.5_oc
Australian Community Climate and Earth System Simulator,

version 1.5, CCAM coupled ocean model version
r20i1p1f1 & r40i1p1f1

ACCESS_CM2_oc
Australian Community Climate and Earth System Simulator,

version 2, CCAM coupled ocean version
r2i1p1f1

We then subset the models that were run in a coupled ocean-atmosphere configuration, as this

setup accounts for critical interactions between the atmosphere and oceans, which are essen-

tial for capturing large-scale climate systems (e.g. ENSO, Indian Ocean Dipole; Ashok et al.

(2003); Cai et al. (2009)) and our study site is strongly influenced by the ENSO cycle (Letnic

and Dickman, 2006; Greenville et al., 2009). This resulted in the selection of two models:

ACCESS-ESM1.5_oc and ACCESS-CM2_oc. As the final step, we selected the ACCESS-

CM2_oc model for our study due to its focus on physical climate modeling and its newer,

more advanced atmospheric, land, and sea-ice components. ACCESS-CM2_oc uses the

UK Met Office Unified Model (UM) version 10.6, which includes an updated atmospheric

configuration and parameterizations, compared to ACCESS-ESM1.5_oc, which is based on
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the older UM version 7.3 (ARC Centre of Excellence for Climate Extremes, 2022). Addi-

tionally, ACCESS-CM2_oc exhibits a larger equilibrium climate sensitivity (ECS) of 4.7°C

compared to ACCESS-ESM1.5_oc’s ECS of 3.9°C, making it more sensitive to greenhouse

gas forcing. Given its focus on physical climate modeling, updated components, and greater

climate sensitivity as opposed to ACCESS-ESM1.5_oc, which focuses on simulating a fully

interactive carbon cycle, ACCESS-CM2_oc was considered more suitable for capturing the

complex atmospheric and oceanic interactions critical to our study site.

Although we had access to monthly rainfall data from automatic weather stations located at

each of our seventeen sites from 1990 to 2022 (Chapter 4; Fig. 2.1), we note that these data

were not on the same scale as the historical simulations from the ACCESS-CM2_oc RCM

(see Fig. A3.1) for detailed information). Since, the rainfall projections from ACCESS-

CM2_oc RCM were used in our model to forecast population abundances, we avoided using

rainfall data on a different measuring scale to minimize confounding the comparisons of our

forecasts. Therefore, to ensure consistency and comparability, for our study, we used both

historical (1990 – 2022) and 12 year projected (2023 – 2035) rainfall data based on the three

climate change scenarios from the ACCESS-CM2_oc RCM (Fig. A3.2).

The historical simulations and projections for rainfall were provided as ‘Precipitation’ with

units kgm2s−1 (Copernicus Climate Change Service, Climate Data Store, 2021), which rep-

resents the amount of liquid and frozen water (comprising rain and snow) per unit area and

time. However, since our study site experiences precipitation only in the form of rain, we

converted the units to millimeters (mm), the standard unit for measuring rainfall, by mul-

tiplying by the number of seconds in a month. Thereafter, the monthly data were aggregated

based on the separation of cooler and hotter months, as outlined in Chapter 4.

5.2.3 Data processing

A two-step process was used to identify the closest rainfall location to our study sites. First,

the longitudes and latitudes of the bi-annually aggregated historical and projected rainfall

locations were subsetted to match the spatial extent of our study region. Then, using the
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st_distance() function from the sf package in R (Pebesma, 2018), we computed the distances

between the rainfall data locations and the study sites as great-circle distances (geodesic)

(Bullock, 2007), accounting for the Earth’s curvature (Fig. 5.1).

FIGURE 5.1. Nearest locations from a 10 km resolution dataset to each of the seventeen
study sites, computed as great-circle distances (geodesic). The circles represent the exact
locations of the study sites, while the triangles indicate the nearest location from the down-
scaled dataset to each study site. Site abbreviations in alphabetical order: CS - Carlo, CP -
Cravens Peak, FRN - Field River North, FRS - Field River South, KSE - Kunnamuka Swamp
East, KSW - Kunnamuka Swamp West, MCN - Main Camp North, MCM - Main Camp Mid,
MCS - Main Camp South, NB - Norries, 3B - No. 3 Bore, PP - Plum Pudding, SH - Shitty
Site, SS - South Site, TBW - Tobermorey West, TBE - Tobermorey East, WS - Way Site.
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5.2.4 Model expansion

Using the same generalized additive modeling framework outlined in Chapter 4; (Clark and

Wells, 2023; Karunarathna et al., 2024; Clark et al., 2025), we applied the specifications

and model representations of the ‘final model’ (GAM-GP) derived from the model selection

procedure in that chapter. However, for this study, we lack projected future data for the

vegetation variables (Avg. Spinifex Cover, Spinifex Flowering Score, and Spinifex Seeding

Score) and the abundances of the predatory mulgara, D. blythi. Furthermore, in Chapter 2,

we found that rainfall plays a major role in shaping the population abundance of the species

(Greenville et al., 2016) even though the interaction between spinifex cover and rainfall was

found insignificant in Chapter 4. Therefore, the analysis focused solely on the effect of

rainfall in modeling and forecasting the population abundance of the two focal species, P.

hermannsburgensis and S. youngsoni. Model specifications used in this study are as follows:

yit ∼ Gamma(µit, ∅) (5.1)

log(µit) =αgrid[i] + S1(Rainfall(t−2)) + Zit

where,

i = 1, 2, . . . , 34

µit = E(yit) : is the expected (average) captures per 100TN (TN = Trap Nights) for

grid i at time t

αgrid ∼ Normal(µgrid , σ
2
grid) : effect of grid i (random effect)

µgrid ∼ Normal(0, 1)

σ2
grid ∼ Exponential(0.5)

S1(Rainfall(t−2)) : smooth function represents effects of previous year Rainfall

β1 ∼ MultiNormal(0,Σ−1λ) : coefficients in smooth function S1(Rainfall(t−2))

Σ−1 ∼ basis expansion function (supplied by mgcv function)
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λ ∼ Normal(30, 25)

1

∅
∼ Exponential(5)

Zit ∼ MultiNormal(0, K) : Gaussian Process latent trend component

K(t, t′) = g2GP exp

(
− |t− t′|2

ρ2GP

)
gGP ∼ Normal(0, 0.5)

ρGP ∼ InverseGamma(1.49, 5.67)

Smooth terms were used to model the nonlinear relationships between the captures and the

previous year rainfall. To model the effect of previous year rainfall, we used a penalized

cubic regression spline; specifically, a cyclic cubic regression spline with matching ends up

to the second derivative (bs = ‘cc’), using k = 17 basis functions. All other specifications

remain consistent with the final model outlined in Chapter 4.

Modeling was performed using the mvgam() function from the mvgam package in R (Clark

and Wells, 2023). The model was trained on data from 1990 to 2022 (all of the field-surveyed

data up to date) and generated forecasts for the period 2023 to 2035, providing insights into

how the species abundance might fluctuate over the next 12 years before they are observed

through sampling.

5.3 Results

The final model (GAM-GP) from Chapter 4 was implemented as a multivariate generalized

additive model (MVGAM) using data from all thirty-four grids on the rodent P. hermanns-

burgensis and the small insectivorous dasyurid S. youngsoni. We used three rainfall change

scenarios to forecast the abundance of the species beyond 2022 and we compared results

across three representative grids: Main Camp South, which had the highest number of ob-

served captures (325 standardized counts); South Site, which had an average number (132

standardized counts); and No. 3 Bore (32 standardized counts), which had the lowest number
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of observed counts. Our findings indicate that both hindcast and forecast trends in species

abundance were influenced by the rainfall change scenario and the amount of data available

at each location, regardless of species-specific dynamics. However, the model results showed

that rainfall significantly influenced the forecasts for P. hermannsburgensis, a species with

high boom-bust dynamics, while for the more stable S. youngsoni, rainfall alone was not a

significant predictor, suggesting that site-specific covariates play a greater role in shaping its

population dynamics (Table 5.2).

TABLE 5.2. The results of the final model (GAM-GP) for the rodent Pseudomys hermanns-
burgensis & the small insectivorous dasyurid Sminthopsis youngsoni using three rainfall
change scenarios; SSP126 - Sustainability scenario, SSP245 - Middle-of-the-road scen-
ario, SSP370 - Regional Rivalry scenario. Approximate significance of generalized additive
smooth covariates (p-values < 0.05) are shown in bold.

Rainfall change scenarios p-value

P. hermannsburgensis

SSP126 (1.8°C increase by 2100) < 0.002
SSP245 (2.7°C increase by 2100) < 0.002
SSP370 (3.6°C increase by 2100) < 0.002

S. youngsoni

SSP126 (1.8°C increase by 2100) 0.70

SSP245 (2.7°C increase by 2100) 0.70

SSP370 (3.6°C increase by 2100) 0.70

5.3.1 Population abundance forecasts of a species with high boom-bust

dynamics

Trends in the hindcasts of population abundance for P. hermannsburgensis aligned reason-

ably well with observations with consistent patterns across all the three exemplar grids with

high (Main Camp South) medium (South Site) and low (No. 3 Bore) counts. Although the

model appeared relatively flat compared to the observed captures in the training set, it suc-

cessfully identified the years in which capture peaks occurred during boom periods at the

study site. However, it was not effective in capturing the magnitude of those peak counts.
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Notably, the 95% prediction intervals for the hindcasts successfully encompassed all ob-

served counts across the three grids. However, the width of these intervals indicates a high

level of uncertainty in the model’s hindcasting phase, rather than strong predictive perform-

ance (Fig. 5.2).

The trends for the 4-year forecast horizon (2022 – 2026) observed under the three climate

change scenarios vary across the three grids (Fig. 5.2). Under the Sustainability pathway that

leads to 1.8°C increase by 2100 (SSP126), the model forecasts that the trend observed in the

past will largely continue, with abundances remaining stable and reflecting historical pat-

terns at Main Camp South and No. 3 Bore (even with limited number of observed captures),

although at lower levels in the latter, while South Site is expected to sustain moderately high

and steady abundances. This aligns with the best-case scenario in which climate change mit-

igation efforts lead to environmental preservation and careful resource management, helping

to maintain stable ecosystems. In contrast, under the assumption of continued historical

trends with a 2.7°C increase by 2100 (SSP245 - Middle-of-the-Road pathway), forecasts for

Main Camp South indicate fluctuations with noticeable peaks and troughs, followed by a

plateau, while at South Site, forecasts are characterized by recurring peaks and troughs with

gradual stabilization. At No. 3 Bore, the forecast reflects a sharper decline in species abund-

ance around the hotter months of 2024, aligning with the pathway’s moderate environmental

pressures and resource use. Under SSP370 (Regional Rivalry pathway) species abundance

is projected to decline at both Main Camp South and South Site by 2026, reflecting the path-

way’s poor environmental management and increasing pressures on resources. However, No.

3 Bore is expected to reach a plateau, indicating some level of stability despite the adverse

conditions.

Across all three grids, the 95% prediction intervals for the forecasts show that the model

accounts for potential extreme peaks in captures during boom periods, reflecting the inher-

ent variability and uncertainty in species abundance under different scenarios. Compared to

the Sustainability scenario (SSP126), slightly lower uncertainty is observed under the Re-

gional Rivalry scenario (SSP370), suggesting greater precision in abundance forecasts with
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increased emissions and temperature levels. This highlights the model’s capacity to cap-

ture the dynamic nature of population trends, particularly in response to a rapidly changing

climate (Fig. 5.2).

FIGURE 5.2. Hindcasts, forecasts and uncertainty representation for Pseudomys hermanns-
burgensis captures at the Main Camp South, South Site and No. 3 Bore grids, based on the
model presented in Section 5.2.4. Each row corresponds to forecasts under a different cli-
mate change scenario: SSP126 (1.8°C increase by 2100), SSP245 (2.7°C increase by 2100),
and SSP370 (3.6°C increase by 2100). Dots represent observed captures, while the black
solid line shows posterior hindcasts (left of 2022) and forecasts (right of 2022). The grey
and pink shaded regions illustrate the 95% prediction intervals.

However, when extending the forecast horizon to 12 years (from 2022 to 2035), the observed

trend diverges compared to the initial 4-year forecast period. Despite variations in projected
124



5.3 RESULTS

climate change scenarios, the forecasted abundances do not show a drastic divergence across

the three grids, confirming the synchronicity of the species in the long run. On the other hand,

none of climate change scenarios led to local extinction (zero values) for the species. The

main differences are in the magnitude of fluctuations in abundances, which appear to be more

strongly influenced by the availability of observed data than by the climate change scenarios.

Notably, the uncertainty representation of the 12 year forecasts remains consistent with that

of the 4-year horizon, indicating that the model’s uncertainty estimate remains stable despite

the longer forecast period (Fig. 5.2).

5.3.2 Forecasting abundance of a species with stable dynamics

For S. youngsoni, hindcasts at Main Camp South showed occasional peaks in abundance

between 1996 and 2012, mainly due to the relatively high abundances observed during this

period, though still lower than those of P. hermannsburgensis. In contrast, hindcasts for

South Site and No. 3 Bore were more stable, reflecting the less dynamic nature of S. young-

soni, when compared to P. hermannsburgensis (Fig. 5.3).

The 95% prediction interval during the hindcast phase effectively captured all observed peak

abundances. This was especially evident at Main Camp South, where the prediction interval

showed substantial variation. The fluctuating nature of the prediction interval at this site

reflects the inherent uncertainty and variability in population trends, particularly during peri-

ods of higher-than-average abundances that contribute to the observed occasional peaks (Fig.

5.3).

When examining forecasted abundances across both 4-year and 12 year forecast horizons, as

expected, the forecasts showed less dynamism compared to those for P. hermannsburgensis.

However, the forecasts remained relatively stable in line with observed counts from previous

years. The impact of rainfall under different climate change scenarios, appeared more muted

for S. youngsoni than for P. hermannsburgensis. In instances where fewer captures for S.

youngsoni were available (e.g. No. 3 Bore), the model’s predictive power for varying climate

change scenarios diminished, leading to a reduced responsiveness to changes represented by
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the scenarios. However, the uncertainty remained consistent with that observed during the

hindcast phase, highlighting the expectation of fluctuating, but with less pronounced boom

and bust dynamics in the captures (Fig. 5.3).

FIGURE 5.3. Hindcasts, forecasts and uncertainty representation for Sminthopsis youngsoni
abundances at the Main Camp South, South Site and No. 3 Bore grids, based on the model
presented in Section 5.2.4. Each row corresponds to forecasts under a different climate
change scenario: SSP126 (1.8°C increase by 2100), SSP245 (2.7°C increase by 2100), and
SSP370 (3.6°C increase by 2100). Dots represent observed counts, while the black solid line
shows posterior hindcasts (left of 2022) and forecasts (right of 2022). The grey and pink
shaded regions illustrate the 95% prediction intervals.
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5.4 Discussion

Forecasting species dynamics beyond observed data represents a critical step in advancing

ecological forecasting. By projecting possible future conditions that influence species popu-

lation abundance and forecasting for near-term horizons, we can develop adaptive manage-

ment strategies to mitigate imbalances in the system before they occur. As new data become

available, this process becomes iterative, allowing for model updates and continuous im-

provement of forecasts under anticipated future conditions (Dietze et al., 2018).

Our study used two species with contrasting dynamics; P. hermannsburgensis and S. young-

soni to highlight the potential of multivariate generalized additive models (MVGAMs) to

capture species-specific dynamics and evaluate their responses under varying climate change

scenarios. These models incorporate nonlinear interactions between species dynamics and

abiotic factors, along with latent dynamic processes that capture shared trends across species

or locations, providing a robust framework for forecasting population trends in highly vari-

able environments. We used projected rainfall under three different climate scenarios as the

only covariate to forecast abundances 12 years ahead of 2022.

Our results revealed that the species population abundance forecasts are influenced by the

change in projected rainfall under the three climate change scenarios and vary based on

species-specific dynamics and the availability of observed data. Under the sustainability-

focused scenario (SSP126) expecting a 1.8°C increase by 2100, the forecasts for P. her-

mannsburgensis suggested relative stability in population trends across all monitored sites,

with the model capturing patterns reflective of the best case scenario if the world acts on

climate change mitigation. For S. youngsoni, the model forecasts limited fluctuations in

abundance across all three grids, reflecting the species’ inherently stable population dynam-

ics. While the forecast uncertainty remains consistent across both the near-term horizons, the

longer-term projections suggest that the species abundance of S. youngsoni is less sensitive

to climate variability compared to P. hermannsburgensis (Dickman et al., 2001; Letnic and

Dickman, 2010; Greenville et al., 2016; Bennison et al., 2013, 2018). However, we found

that the availability of observed data influenced the dynamics forecasted in both the species
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more than the impact from climate change (Ward et al., 2014; Lewis et al., 2022). Therefore,

maintaining sustainable environmental policies that lead to less greenhouse gas emissions

and cause less drastic changes in the climate could help preserve species populations.

If the management actions for current greenhouse gas emissions remain the same but leading

to 2.7°C increase by 2100, under the Middle-of-the-Road pathway (SSP245), looking on a

shorter forecast horizon, P. hermannsburgensis forecasts revealed moderate fluctuations with

peaks and troughs occurring at regular intervals at all sites but experienced a sharper decline

in species abundance when the observed data are limited (e.g., No. 3 Bore). However, the

longer forecast horizon (12 year) suggests that fluctuations continued, but do not deviate sig-

nificantly from historical trends. Sminthopsis youngsoni forecasts indicate stable population

levels at all sites but with the potential of slight declines over time at sites with limited data.

These trends highlight the species’ resilience but also suggest that increased environmental

stressors may lead to gradual declines (Graham et al., 2019). Therefore, management ap-

proaches should focus on monitoring population dynamics closely, especially at sites with

limited data, and implementing localized conservation efforts to mitigate anticipated popu-

lation declines (Pacifici et al., 2015).

Finally, under the Regional Rivalry pathway (SSP370) which leads to a 3.6°C in 2100, P.

hermannsburgensis populations are forecasted to plateau when the observed data are limited

as opposed to significant declines at other sites when looked at the shorter horizon, reflecting

poor environmental management and increasing resource pressures. In contrast, S. young-

soni forecasts indicate limited population decline, with stable trends continuing under both

forecast horizons. The model’s forecasts suggest that while S. youngsoni is more resistant

to climate variability, prolonged poor environmental policies could still lead to long-term

population reductions. Conservation strategies under high-emission scenarios should pri-

oritize habitat protection, targeted species interventions, and the establishment of resilient

ecosystems to counteract the negative impacts of climate change on more dynamic species.

Overall, we observed that both the species; P. hermannsburgensis and S. youngsoni appeared

realtively resilient to climate change regardless of their species dynamics. However, in-

creased environmental variability, particularly in food availability and species interactions
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such as competition and predation, could lead to population declines, especially for species

with pronounced boom-bust cycles. While these fluctuations may reduce abundance, they

are unlikely to result in stochastic extinction (Letnic and Dickman, 2006; Greenville et al.,

2018; Letnic et al., 2011; Greenville et al., 2017). To enhance forecast reliability, partic-

ularly for species or locations with more stable population trends, it is essential to obtain

sufficient, high-quality observational data and incorporate additional ecological drivers in-

fluencing species abundance (Clark et al., 2025). Identifying potential population declines

in advance allows targeted interventions such as habitat restoration, resource allocation, or

predator control (White et al., 2019; Simonis et al., 2022). On the other hand, the appropri-

ate management strategies may vary depending on the forecast horizon. Short-term forecasts

(e.g. 4-years) allow for immediate on-ground actions aimed at mitigating rapid declines or

stabilizing populations during critical periods. Long-term forecasts (e.g. 12 years) provide

a broader perspective on potential ecological trajectories such as the effect of ENSO cycles,

aiding in the formulation of policies for habitat connectivity, long-term monitoring programs,

and climate adaptation strategies. This distinction underscores the importance of aligning

conservation efforts with the temporal scale of anticipated changes (Pierson et al., 2015;

Adler et al., 2020; Tulloch et al., 2020).

5.4.1 Limitations and future directions

One key limitation of the current study is the exclusion of vegetation dynamics, which play a

critical role in shaping the abundance and distribution of desert small mammals (Chapter 2,

Greenville et al. (2016)). Vegetation provides essential resources, such as food and shelter,

which are crucial for the survival and reproductive success of these species (Murray et al.,

1999; Spencer et al., 2014; Greenville et al., 2016). Future models would benefit from the

incorporation of vegetation dynamics, which could significantly improve our understand-

ing of habitat-mediated population trends. Specifically, projections of vegetation data, such

as the Normalized Difference Vegetation Index (NDVI), could offer valuable insights into

the relationship between vegetation cover and species abundance. NDVI, which serves as a
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proxy for vegetation productivity, could enhance forecasts, especially for species like P. her-

mannsburgensis, which exhibit highly dynamic population fluctuations (Clark et al., 2025;

Karunarathna et al., 2024). Alternatively, overall vegetation cover could be replaced by dom-

inant vegetation species data (Chapter 4). By integrating vegetation metrics into predictive

models we could improve the accuracy and robustness of population forecasts.

Another challenge faced when generating forecasts is the lack of observed data to evalu-

ate the performance of the forecasts using formal metrics (e.g. Energy Score as outlined

in Chapter 4). As a result, the evaluation of model performance is limited to the repres-

entation of uncertainty. This reliance on uncertainty estimation underscores the importance

of refining the fitted model iteratively as new observed data become available; opening the

concept of iterative near-term forecasting (Dietze et al., 2018). Moreover, the incorporation

of uncertainty into management decision-making is essential, particularly in the absence of

ground-truth data, as it allows for more cautious and informed strategies in species conser-

vation and habitat management (Cressie et al., 2009; Lofton et al., 2022).

By addressing the limitations of the current approach and incorporating additional projected

ecological variables, future research can significantly improve our capacity to forecast and

respond to population trends in a rapidly changing environment. These advancements will

play a crucial role in enhancing our understanding of species-environment interactions and

refining management strategies. Ultimately, they will be vital for ensuring the long-term

sustainability of biodiversity and the essential ecosystem services in arid environments.
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CHAPTER 6

General Discussion and Conclusion

6.1 Overview

“Ecological forecasting is a key component of decision support, as all decisions are funda-

mentally about the future and are sensitive to forecast uncertainties. However, decisions are

ultimately about human values in how we balance trade-offs among competing objectives.”

Dietze (2017)

Ecological forecasting is indispensable for adaptive management (Berkes et al., 2000), offer-

ing a foundation for decision-making in the face of uncertainty and environmental change.

However, ecosystems are inherently complex and variable, with uncertainties arising from

gaps in data, incomplete understanding of ecological processes, and unpredictable environ-

mental changes. To address these challenges, ecological forecasts must be supported by

long-term datasets with consistent methodologies, covering multiple locations and species

to capture spatiotemporal dynamics accurately (Lindenmayer et al., 2012; Kuebbing et al.,

2018).

Key considerations in ecological forecasting include aligning ecological assumptions with

statistical models, effectively managing missing data, and selecting models that balance the

need for complexity to capture ecological dynamics with the interpretability required for

practical application (Lewis et al., 2023). Furthermore, accurate hindcasts and reliable pre-

dictions require models to perform across varying forecast horizons while incorporating pro-

jected environmental data to provide actionable, real-world forecasts (Dietze, 2017; Adler

et al., 2020).
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Recent advancements in data science, particularly in statistical modeling and Bayesian ap-

proaches, have significantly improved ecological forecasting. These techniques allow for the

assimilation of diverse data streams, quantification of forecast uncertainty, and the produc-

tion of more robust predictions (Dietze, 2017; Lewis et al., 2022). By leveraging these tools,

ecological forecasters can provide more informed insights to guide management decisions

and prepare for future environmental scenarios.

This thesis explores these themes through the lens of forecasting desert rodent populations in

Australian ecosystems. We emphasize the importance of robust datasets, thoughtful model

selection, and seamless integration of ecological and statistical frameworks. To bring this

together, Table 6.1 summarizes the key areas addressed in each thesis chapter and the main

findings. The discussion evaluates the key findings, extends the relevance of these advances

through examples of practical application of knowledge and approaches used in the thesis

to industry, and examines the limitations, and potential future research directions. By ad-

dressing these challenges, this work advances ecological forecasting as a critical tool for

managing biodiversity and ecosystem function in an uncertain and changing world.

6.2 Key findings

“Data science is situated in the problem domain and that we have a data science of the

natural environment and not data science for the natural environment.” Blair et al. (2019)

A key message of this thesis is the importance of ensuring coherance between statistical

modeling and ecological complexities. One common challenge in bridging data science and

ecology is the lack of understanding of the system being modeled, including species dy-

namics, environmental influences, data collection methodology and the challenges involved

in obtaining data (Blair et al., 2019). In fields like eCommerce, supply chain management,

and healthcare, the data collection process may be less critical because the systems are well-

defined with predictable variables (Dhar, 2013; Provost and Fawcett, 2013). These domains

operate within structured frameworks where key variables are systematically recorded, often

through automated processes such as digital transactions, GPS tracking, and electronic health
140



6.2 KEY FINDINGS

TABLE 6.1. Summary of the key areas addressed in this thesis and the key findings.

Chapter Themes
addressed Methods used Key outcomes

2 Ecological and
statistical
assumptions

Multivariate
state-space modeling

Align statistical model
assumptions with ecological
relevance to ensure
robustness

3 Missing values Single and multiple
imputation techniques

Robustness of imputation
techniques across different
missing value characteristics

4 Model training
length and
forecast horizon

Multivariate
generalized additive
modeling

Reliable long-term forecasts
with small datasets despite
high uncertainty

5 Near-term
forecasts

Multivariate
generalized additive
modeling with climate
change projections

Contrasting forecasts for
different near-term horizons,
climate change scenarios and
data availability

records unlike fields that require extensive human-labour and are prone to inherent complex-

ities. Ecology falls into the latter category, where the data collection process is fundamental

to understanding the system due to the complexity and unpredictability of ecological sys-

tems, especially in highly variable environments driven by extreme climatic conditions. For

example, counting small nocturnal mammals, such as rodents or bats, involves techniques

like live trapping, camera traps, or acoustic monitoring (Greenville et al., 2016; Dorazio and

Karanth, 2017; Milchram et al., 2020; Bruce et al., 2025). These methods are essential be-

cause these animals are hard to detect and are active only at night, making direct observation

challenging. In contrast, counting large herbivores like deer, sheep, or cows typically in-

volves methods such as direct observation, aerial surveys, or GPS tracking, as these animals

are larger, easier to detect, and often active during the day (Hebblewhite and Haydon, 2010;

Terletzky and Ramsey, 2016). However, each method has its own advantages and limita-

tions, and the choice of technique depends on factors like the species’ size, behavior, habitat,

and the specific research question. Therefore, long-term datasets that maintain consistent
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methodologies, spatial coverage, and multi-species monitoring are invaluable, as they allow

for a deeper understanding of ecological processes and trends, such as the Desert Ecology

Research Group (DERG) dataset used in this study (Chapter 2). Such datasets help capture

complex non-linear interactions between species and environmental factors (Lindenmayer

et al., 2012; Blair et al., 2019; Kuebbing et al., 2018). Therefore, careful planning of re-

sources, methodology, and system-specific challenges is essential before starting long-term

monitoring or integrating datasets. Without this, predictions can be unreliable, which under-

mines the effectiveness of the model for forecasting and decision making (Chapter 2).

Modeling species population abundance allows for a deeper understanding of data derived

from various observation and monitoring techniques, facilitating predictions of future trends

and the exploration of “what-if” scenarios. However, for the model to be robust, the stat-

istical assumptions must align with ecological relevance (Chapter 2). This highlights the

value of integrating the perspectives of both ecologists and data scientists, ensuring a more

comprehensive understanding of the system being studied (Blair et al., 2019). Using a case

study that modeled species population abundance from the DERG dataset with a multivari-

ate autoregressive state-space model (MARSS), we found that field-collected population data

often exhibit high variability due to observation and process errors (Thomas, 1996; Humbert

et al., 2009; Amano et al., 2012), as well as deviations from normal distributions (Chapter

2). As a result, it is unlikely that all statistical assumptions will be fully satisfied (Eastoe and

Tawn, 2009). However, this does not justify discarding the model results. Instead, it is cru-

cial to interpret the findings cautiously, acknowledging their limitations while still drawing

meaningful insights. By adopting this careful approach, we can ensure that predictions and

analyses remain reliable, even in the face of the inherent complexities and uncertainties in

ecological data (Chapter 2). When validating ecological assumptions, we found that single-

population MARSS models, fitted for species exhibiting similar dynamics across sites, as-

sumed a common process across locations, with variability in abundance primarily driven by

sampling error. In contrast, multi-population MARSS models, applied to species displaying

distinct site-specific dynamics, assumed different processes at each site, where variability

in abundance was less influenced by sampling error. Regardless of response patterns, the

density dependence appeared to be significant for all study species. However, for rodent
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species showing synchronous behaviour across locations, previous year rainfall and spinifex

seed significantly influenced their abundances aligning with the findings of Greenville et al.

(2016). Similarly, the predatory mulgara, which also displayed synchronous dynamics, was

influenced only by previous year rainfall. However, this contrasts with Greenville et al.

(2016), which found additional influences from spinifex cover and rodent interactions. On

the other hand, for species exhibiting asynchronous response patterns across locations, none

of the environmental or climatic variables were significant, which also contrasts with the

findings of Greenville et al. (2016) (Chapter 2). Therefore the statistical validity of these

models highlight the importance of tailored model specifications that better capture species-

specific population dynamics, enhancing their ecological relevance.

In data science, datasets are often characterized by volume (the amount of data), velocity (the

speed at which data is generated and processed), variety (the different types or formats of

data), and veracity (the accuracy or reliability of the data) (Jagadish et al., 2014). While fields

such as finance, healthcare, and logistics prioritize volume and velocity due to the availabil-

ity of high-frequency data, in ecology, variety and veracity take precedence (Nakagawa and

Freckleton, 2008; Blair et al., 2019). Missing values are a critical issue across all domains,

but the approach to handling them differs significantly. In fields with large, dense datasets,

removing records with missing values typically has minimal impact on modeling outcomes,

as sufficient data remain to capture trends. In contrast, field-surveyed ecological datasets

are typically sparse, with fewer records per year due to financial and logistical constraints of

sampling, even when collected over decades. Unlike other data collection procedures such

as remote sensing or camera traps, we found that deleting missing data in field-collected

datasets risks reducing the temporal resolution and reliability of the dataset, making it harder

to model population abundances accurately (Chapter 3; Łopucki et al. (2022)). Moreover,

substituting missing values with zero is not appropriate for ecological data, as the absence

of sampling does not imply species absence; such an approach distorts time series trends

and misrepresents population dynamics (De Souto et al., 2015; Zhang, 2016; Khan, 2024).

Our analysis highlights the robustness of imputation methods (Hossie et al., 2021; Chapon

et al., 2023; Sa’adi et al., 2023; Khan, 2024; Carpenter et al., 2025) in addressing missing

values when modeling population dynamics. By employing a cumulative approach to test
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different characteristics of missing data (e.g., temporal placement, quantity), we found that

the accuracy of population abundance predictions was largely unaffected, underscoring the

potential of imputation to preserve trends (Chapter 3; Niako et al. (2024)). However, single

imputation methods often fail to adequately account for the variability and complexity inher-

ent in ecological time series (Zhang, 2016; Raja et al., 2020; Khan, 2024). Instead, multiple

imputation methods that incorporate relationships between highly dependent covariates, ef-

fectively capture trends, and reduce uncertainty in predictions are beneficial for any field

requiring time series modeling and forecasting.

Ecological forecasting is a valuable tool for predicting population trends and understanding

the effects of environmental changes, but its effectiveness depends on carefully selecting

models, covariates, and evaluation methods. In this study, we applied the novel statist-

ical technique of multivariate generalized additive models (MVGAM) to model population

abundance, capturing spatial and species-level dynamics while incorporating nonlinear en-

vironmental and climatic effects (Clark and Wells, 2023). However, we found that using a

Gaussian process to capture the latent trend is well-suited for conservation decisions in data-

limited regions, as Gaussian processes provide reliable forecasts without excessive computa-

tional demands (Chapter 4). Although more complex trend models, like vector autoregress-

ive (VAR) models (Stock and Watson, 2001; Lui et al., 2007; Hampton et al., 2013), may

improve accuracy, their computational intensity can make them impractical when timely de-

cisions are required. This highlights the importance of balancing computational efficiency

with model accuracy; an essential trade-off in applied data science for ecological forecasting.

We also understood that it is important to include species-specific covariates to the model.

However, the significance of the covariates in the models varied depending on the proportion

of data used for training and differed from our findings in Chapter 2, resulting in rainfall

not being identified as a significant driver of population abundance. This suggests that the

influence of covariates on small mammal abundance is highly dependent on both the model

and the range of data used for training, regardless of the underlying species dynamics. In

addition, we observed that using dominant vegetation species, such as Triodia basedowii

(Spinifex), as a proxy for broader environmental conditions can reduce the need for ex-

haustive data collection. This is a key part of data preparation in data science, where using
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domain-specific proxies can simplify modeling efforts without sacrificing predictive power

(Carroll and Kenkel, 2019; Warner and Sloan, 2021; Bastani, 2021). By integrating data

science into ecology, we used a Bayesian framework to generate probabilistic predictions of

species population abundance. Models trained on smaller datasets can still produce reliable

forecasts if they effectively capture “boom-bust” trends; however, uncertainty increases with

longer horizons and for highly dynamic species like Pseudomys hermannsburgensis. We

emphasize the importance of transparently communicating these uncertainties to support in-

formed decision-making (Chapter 4). Finally, we found that understanding species-specific

dynamics and using multivariate evaluation metrics, such as those assessing spatio-temporal

relationships (Simonis et al., 2021), are critical for producing accurate and practical forecasts

(Chapter 4).

When making near-term ecological forecasts of population abundance, it is crucial to con-

sider the effects of different climate change scenarios on the future dynamics of species and

ecosystems (Beaumont et al., 2007). High-resolution projections under varying greenhouse

gas emission scenarios, are particularly important in regions with highly variable climates,

where extreme conditions can drive significant ecological changes. Projections that consider

all relevant climate effects; including oceanic and environmental changes within the study

area, are necessary to ensure the reliability and accuracy of forecasts. MVGAMs offer a

robust approach as they are especially effective when projecting into the future, as they can

incorporate multi-species or multi-site specifications, even when data are sparse for specific

species or sites (Chapter 5). Using MVGAMs with projected rainfall data, we found that,

before making decisions, it is essential to evaluate envelopes of near-term forecasts (e.g.

4-12 years) because a decline of population abundance observed in a 4-year period would

not be the same extended to 12 years (Chapter 5). We observed that for species with high

variability, such as Pseudonomys hermannsburgensis, climate change scenarios can trigger

significant changes in population dynamics, underscoring their sensitivity to environmental

shifts. In contrast, more stable species, such as Sminthopsis youngsoni, show muted re-

sponses to climate change, suggesting a higher level of population resilience (Chapter 5;

Dickman et al. (2001); Letnic and Dickman (2010); Greenville et al. (2016); Bennison et al.

(2013, 2018)). However, the effect of climate change scenarios on forecasts also varies on
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the availability of observed data (Ward et al., 2014; Lewis et al., 2022). On the other hand,

the significance of the impact of projected rainfall on the species abundance varied accord-

ing to the climate change scenario. The absence of future observed data for formal forecast

evaluation limits our ability to validate these forecasts fully, making it necessary to rely on

measures of uncertainty (Nichols et al., 2011). Incorporating these uncertainties into man-

agement strategies is essential, as it allows for more cautious and adaptive decision-making,

especially when ground-truth data are lacking. Acknowledging and addressing uncertainty

can prevent overconfidence in forecasts and guide more flexible and responsive management

approaches (Dietze, 2017). We found that P. hermannsburgensis and S. youngsoni appeared

relatively resilient to climate change, but increased environmental variability, particularly in

food availability and species interactions, could drive population declines, however, without

causing stochastic extinction (Letnic and Dickman, 2006; Greenville et al., 2018; Letnic

et al., 2011; Greenville et al., 2017). Key findings from this study pave the way for practical

applications across various industries by providing data-driven insights, refining methodolo-

gies, or introducing novel approaches. These findings can inform policy decisions, enhance

predictive models, and improve resource management, making them valuable beyond aca-

demic research.

6.2.1 Practical application of skills and methods

The key findings of this thesis provide valuable guidance for ecological data collection pro-

grams, such as the National Ecological Observatory Network (NEON), and offer insights

that can enhance ecological forecasting efforts, including initiatives like the NEON Ecolo-

gical Forecasting Challenge (Thomas et al., 2023). Our results underscore the importance of

integrating both domain expertise and data science knowledge to improve the understanding

of data structures and experimental design in ecological forecasting. The use of imputa-

tion methods, robust statistical techniques, uncertainty quantification, and projected envir-

onmental variables under different climate change scenarios highlights the need for tailored,

project-level strategies. We also stress the limitations of simple forecasting models, like AR-

IMA, in capturing non-continuous or seasonal ecological data, urging researchers to explore
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hierarchical Bayesian models and multivariate time-series approaches. It is also important to

account for forecast uncertainty and model evaluation, focusing on the integration of climate

covariates to improve model accuracy and inform decision-making for ecosystem monitor-

ing.

The practical application of the insights, feedback, and recommendations from this thesis

highlights the demand across various industries for advanced analytical tools. One not-

able example of applying the skills and knowledge gained during my PhD is the intern-

ship I undertook at the Department of Climate Change, Energy, the Environment, and Water

(DCCEEW). This experience allowed me to work closely with stakeholders who highlighted

the pressing need for data-driven solutions to address key environmental challenges. A major

focus was understanding biodiversity patterns and environmental drivers to guide the restor-

ation and conservation of New South Wales’ (NSW) natural capital. Research on vascular

plant diversity within the Australian Regional Climate Modeling (NARCliM) extent has been

limited by inconsistent, plot-based survey data. To overcome this challenge, we compiled

and harmonized vegetation survey data from NSW and surrounding states, focusing on spe-

cies richness, which included both native and total (native and introduced) species. This

comprehensive dataset provided the foundation for predictive modeling, where we applied a

Bayesian Generalized Additive Model (GAM) to predict species richness across the region.

To face the challenge of different methodologies used to collect data from different data

sources, we used a 400 m2 (Mokany et al., 2022) plot area standardization approach to obtain

consistent results. The model’s performance was tested through the creation of training and

testing sets, with accuracy assessed by comparing observed and predicted values. The res-

ults demonstrated the model’s robustness, delivering strong predictions for both original and

standardized plot scenarios. This work identified critical environmental drivers of species

richness, such as temperature, precipitation, radiation, elevation, and topsoil composition.

Insights drawn from the project are highly relevant to industry needs to create fine-resolution

spatial predictions of plant diversity. By developing and applying these models, the project

highlights the growing demand for advanced data science techniques in biodiversity manage-

ment, showcasing their potential to predict and monitor ecological changes across multiple

scales.
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6.3 Limitations and future research

This thesis emphasizes the importance of long-term datasets with consistent methodologies

and broad spatial and temporal coverage in ecological studies to deepen our understanding

of species dynamics and their environmental drivers. The Desert Ecology Research Group

(DERG) dataset exemplifies such a dataset, providing decades of population abundance data

collected consistently across multiple sites (Chapter 2). However, like many field-surveyed

monitoring projects, the DERG dataset is constrained by logistical and financial challenges,

particularly the difficulty of sampling during the same time period each year, resulting in

missing data. Traditional time series models as discussed in Chapter 1; both frequentist and

probabilistic, require regular intervals between observations, often necessitating aggregation

of data into seasonal or annual summaries, which can obscure fine-scale temporal patterns

and interactions (Chapter 2, Chapter 4; Hostetler and Chandler (2015)). Future researchers

can address these limitations in several ways. First, remote sensing or camera trap data could

be integrated with field-surveyed datasets to provide high-frequency observations. How-

ever, uncertainties arising from different data collection methods must be explicitly modeled

to ensure reliability (Lofton et al., 2022). Second, in addition to combining field surveys

and digital data, researchers may consider using only equipment-driven data such as remote

sensing, camera trap or radio tracking data, provided the methodologies are consistent and

well-documented, and covariate data are also collected directly within the study site rather

than relying on external sources (Lahoz-Monfort and Magrath, 2021). Third, the develop-

ment of continuous-time models could alleviate the reliance on discrete sampling intervals.

However, current continuous-time (e.g. Dennis and Ponciano (2014)) models are limited in

capturing nonlinear interactions between covariates and population dynamics, highlighting

the need for future advancements in this area. In addition, our study also emphasizes the

value of interdisciplinary collaboration between ecologists and data scientists, as there is a

need to establish more systematic approaches for integrating domain expertise into model

design and validation.

This thesis also found that imputing missing values is an effective approach to addressing

data gaps, offering a better alternative to disregarding missing records entirely. However,
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these findings were based on a limited set of missing value characteristics observed within

the DERG dataset and the specific type of missing data it included (Chapter 3). Furthermore,

we employed a cumulative approach where as missing values tend to occur in the dataset

with time, the compounding effects from previous missing values are considered. One of

our aims with this approach was to evaluate how the performance of imputation techniques

changed as the proportion of missing values in the dataset increased over time. As such, the

generalizability of these results may be restricted to similar contexts and methodology. An

intriguing avenue for future research would involve comparing the performance of different

imputation techniques across a wider range of missing value characteristics and types, both

in highly variable environments like those studied in the DERG dataset and in simpler, more

stable ecological systems. This comparative approach would help evaluate the robustness

of imputation methods under diverse conditions and inform best practices for addressing

missing data in ecological research (Van Buuren, 2018).

Multivariate state-space models offer several advantages over univariate models in capturing

the spatial complexities of population dynamics. However, they also come with certain limit-

ations. A key advantage of multivariate generalized additive models (MVGAM) as opposed

to the multivariate autoregressive state-space (MARSS) framework is the ability to incor-

porate nonlinear interactions between covariates and the response variable, allowing for a

more nuanced representation of ecological dynamics (Chapter 4, Chapter 5; Greenville et al.

(2016); Wood (2017); Clark and Wells (2023)). Additionally, MVGAMs can accommodate

fine-resolution spatial data, such as grid-level observations, without significantly complicat-

ing parameter estimation or reducing computational efficiency. This flexibility is particularly

valuable for ecological studies where spatial heterogeneity plays a critical role (Karunarathna

et al., 2024). Unlike the MARSS framework, which typically employs simpler trend models,

MVGAMs provide a wide array of latent trend models to capture the underlying temporal

dynamics. This diversity allows researchers to balance computational efficiency and predict-

ive accuracy when modeling population abundance, which is crucial in long-term ecological

monitoring (Chapter 4). However, a limitation of MVGAMs arises when standardized counts

are used to account for variable sampling efforts, resulting in decimal values. While the

mvgam package supports the Gamma distribution for modeling such standardized counts, it
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does not accommodate zeros in the time series. This can be problematic for ecological count

data, where zeros are common due to the absence of individuals during certain sampling

events (e.g., threatened species). In such a case, one approach is to add a small delta value to

shift zero counts slightly above zero (Douma and Weedon, 2019) or raw counts can be used

with an offset for survey effort, modeling the data with a Poisson or Negative Binomial dis-

tribution. Future developments in MVGAMs could help overcome this limitation, improving

their applicability to ecological studies with zero-inflated datasets.

The use of projected covariate data in forecasting population abundance for near-term ho-

rizons demonstrates the potential to generalize our findings to broader ecological studies.

Incorporating climate projections under various greenhouse gas emission scenarios, such as

Shared Socioeconomic Pathways, further strengthens the validity of our study by accounting

for potential future states shaped by human activities (Chapter 5; Trancoso et al. (2024)).

These projections provide a more dynamic understanding of species population trends in

response to climate change and other anthropogenic factors, offering valuable insights for

more informed conservation strategies (Beaumont et al., 2007). However, a key gap in the

literature and available data products is the limited availability of long-term projections for

other critical environmental covariates, such as vegetation cover. While climate models have

made considerable progress in generating future projections, long-term datasets for covari-

ates like vegetation coverage remain scarce. This presents a significant avenue for future

research, as improved models and datasets are necessary to predict how ecological systems

will evolve over the coming decades, particularly under different levels of human interven-

tion. Enhanced projections of environmental covariates would provide deeper insights into

ecosystem dynamics, helping to better predict the impacts of climate change on species pop-

ulations and inform effective conservation planning (Chapter 5).

6.4 Concluding remarks

Understanding the distribution and abundance of species has highlighted the need to bridge

the gap between domain knowledge and data science (Chapter 1). The importance of using
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long-term data, collected consistently with robust methodologies that cover high spatial and

temporal scales, cannot be overstated. Such data are essential to inform researchers and or-

ganizations about effective resource management and planning, particularly before embark-

ing on long-term monitoring projects. This thesis highlights the critical role of integrating

these data with advanced statistical modeling techniques while ensuring alignment between

statistical methods and ecological assumptions. Given the inevitability of missing data in

ecological datasets, the application of imputation techniques; tailored to the nature of miss-

ingness, is vital for maintaining the integrity of analyses. Together, these approaches lay the

groundwork for near-term ecological forecasting by leveraging multivariate statistical mod-

eling frameworks and projected covariate data. This concept opens the avenue for even using

short-term ecological datasets, provided they address limitations in long-term data and con-

tain minimal observation noise and missing values. Moreover, while data science techniques

have advanced to machine learning algorithms, the need to understand underlying ecolo-

gical processes, where each data point tells a unique story, makes black-box approaches less

suitable for this context. Therefore, throughout this thesis, I demonstrated that integrating

solid, robust data science methods with domain-specific knowledge has immense potential to

tackle ecological challenges, providing valuable insights for future biodiversity management

and policy development.
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1 APPENDIX 1 (CHAPTER 2)

1 Appendix 1 (Chapter 2)

TABLE A1.1. Corrected Akaike Information Criterion (AICc) values of the seven variants
of the Original Model for the five study species (Fig. 2.2). Single-population MARSS mod-
els were fitted for three small mammal species (Pseudomys hermannsburgensis, Notomys
alexis, and Dasycercus blythi) and nine independent sub-population MARSS models were
fitted for two small dasyurid marsupials (Sminthopsis youngsoni and Ningaui ridei).

Species Unconstrained Q
Constrained B, R

Unconstrained R
Constrained B, Q

Unconstrained B
Constrained Q, R

Unconstrained Q, R
Constrained B

Unconstrained Q, B
Constrained R

Unconstrained R, B
Constrained Q Unconstrained B, Q, R

Pseudomys hermannsburgensis 901.44 -1866.02 889.25 -1812.50 902.63 -1870.79 -1817.93

Notomys alexis 885.76 -1877.40 877.90 -1850.14 886.43 -1884.07 -1833.81

Dasycercus cristicauda 931.75 -1880.23 923.58 -1817.81 932.99 -1894.78 -1846.69

Sminthopsis youngsoni 103.77 -570.14 -934.04 -222.41 -938.53 -594.77 -537.40

Ningaui ridei 104.62 -574.28 -992.75 -233.32 -1004.25 -594.04 -537.31
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TABLE A1.2. The results of the selected model variant of single-population MARSS models
fitted for three small mammal species (Pseudomys hermannsburgensis, Notomys alexis, and
Dasycercus blythi) - Unconstrained R, B and Constrained Q, but note there is only a single
estimate for Q because this is a single-population MARSS model. a) Estimates of covariates,
density dependence, and process error. Density dependence is indicated when B1,1 < 1.
Covariates that are significant in the selected model (95% credible interval excludes zero)
are shown in bold. Presence of density dependence and covariate significance in the Original
Model (Constrained Q, R, B) are marked with a plus and an asterisk, respectively. b)
Population level observation error. Off-diagonal values representing correlated errors are
omitted.

(A)

Model covariates Estimate Lower CI Upper CI

P. hermannsburgensis
Density dependence (B1,1) 0.27+ 0.02 0.64
Prey←Mulgara (B1,2) -0.27 -0.67 0.10
Prey→Mulgara (B2,1) 0.03 -0.38 0.43
Previous year rainfall 0.54∗ 0.28 0.79
Spinifex cover -0.26 -0.60 0.08
Spinifex seed 0.36∗ 0.03 0.66
Process error (q2) 0.55 0.37 0.83

N. alexis
Density dependence (B1,1) 0.26+ 0.01 0.65
Prey←Mulgara (B1,2) 0.10 -0.36 0.48
Prey→Mulgara (B2,1) -0.17 -0.64 0.29
Previous year rainfall 0.56∗ 0.34 0.77
Spinifex cover -0.20 -0.46 0.09
Spinifex seed 0.41∗ 0.11 0.68
Process error (q2) 0.42 0.29 0.63

D. blythi
Density dependence (B1,1) 0.39+ 0.03 0.86
Prey← Rodent (B1,2) -0.06∗ -0.51 0.40
Prey→ Rodent (B2,1) 0.07 -0.38 0.48
Previous year rainfall 0.32∗ 0.05 0.62
Spinifex cover 0.23∗ -0.08 0.55
Process error (q2) 0.37 0.08 0.75

(B)

Observation error
(r2) Main Camp Carlo Field River

South
Kunnamuka
Swamp East

Shitty
Site

South
Site

Field River
North

Tobermorey
East

Tobermorey
West

P. hermannsburgensis 38.17 39.66 39.23 35.47 35.83 36.94 35.79 38.96 29.50

(16.81–66.24) (20.83–64.62) (19.42–65.96) (16.55–61.50) (17.70–59.09) (16.18–63.42) (16.75–63.66) (18.58–66.36) (10.36–58.44)

N. alexis 37.04 35.21 37.22 39.33 38.60 32.57 38.56 37.97 27.55

(18.07–63.49) (17.72–59.88) (18.99–64.09) (18.92–67.29) (19.87–66.76) (16.05–56.85) (19.42–66.34) (17.08–65.03) (13.10–51.10)

D. blythi 32.86 37.34 39.22 35.93 35.49 38.14 38.74 37.20 27.22

(15.14–57.32) (18.70–64.69) (19.53–65.18) (16.65–61.05) (16.41–60.51) (19.01–65.17) (19.63–63.22) (18.45–61.28) (11.54–49.63)
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TABLE A1.3. The results of the selected model variant of nine independent sub-population
MARSS models fitted for two small dasyurid marsupials (Sminthopsis youngsoni and
Ningaui ridei) - Unconstrained Q, B and Constrained R. Density dependence is indicated
when B1,1 < 1. Significant covariates in the selected model (95% credible interval excludes
zero) are shown in bold, while those that were significant in the Original Model (Constrained
Q, R, B) are marked with asterisks. Off-diagonal process error values representing correl-
ated errors are omitted.

Model covariates Rainfall Prey←Mulgara
(Bi,i+1)

Prey→Mulgara
(Bi+1,i)

Spinifex cover Density dependence
(Bii)

Process error
(q2)

Observation error
(r2)

S. youngsoni
Main Camp -0.04 0.07 -0.13 -0.01 0.43 34.39 0.37

(-0.78–0.61) (-2.58–2.6) (-2.72–2.19) (-0.03–0.02) (-2.34–3.13) (14.57–61.07) (0.20–0.55)
Carlo -0.09 -0.20 0.31 < -0.01 -0.20 34.69

(-1.05–0.78) (-3.26–2.78) (-2.24–2.82) (-0.03–0.03) (-2.80–2.49) (15.93–61.07)
Field River South -0.07 0.35 -0.25 < -0.01 0.52 38.58

(-0.55–0.37) (-2.67–3.35) (-2.88–2.24) (-0.05–0.05) (-2.29–3.06) (20.47–62.83)
Kunnamuka Swamp 0.09 -0.03 0.07 < -0.01 -0.25 40.82
East (-0.39–0.60) (-3.48–3.28) (-2.87–3.04) (-0.04–0.02) (-3.33–2.84) (19.29–67.59)
Shitty Site 0.16 -0.01 0.68 < 0.01 -0.05 33.79

(-0.59–1.12) (-3.29–3.25) (-2.22–3.2) (-0.04–0.05) (-2.86–2.71) (16.25–61.60)
South Site -0.2 -0.64 -0.26 0.02 -0.07 38.92

(-0.89–0.44) (-4.12–2.92) (-2.22–1.54) (-0.04–0.09) (-2.4–2.33) (19.15–66.06)
Field River North 0.13∗∗ -0.13 0.20 < -0.01 0.47 36.20

(-0.55–0.85) (-3.33–2.84) (-2.94–3.30) (-0.05–0.04) (-2.65–3.28) (17.19–61.77)
Tobermorey East -0.02 0.38 -0.27 < 0.01 0.11 38.00

(-0.75–0.54) (-2.06–2.82) (-3.06–2.53) (-0.03–0.05) (-2.49–2.65) (17.76–66.28)
Tobermorey West -0.09 0.05 -0.18 < 0.01∗∗ 0.38 37.09

(-1.11–0.72) (-2.71–3.09) (-3.09–2.81) (-0.03–0.05) (-2.51–3.65) (18.28–63.83)

N. ridei
Main Camp -0.04∗∗ 0.36 -0.01 < -0.01∗∗ 0.58 33.76 0.36

(-0.71–0.62) (-1.64–2.43) (-2.88–2.86) (-0.03–0.02) (-2.06–3.24) (15.38–59.23) (0.17–0.53)
Carlo -0.01 0.01 -0.31 < -0.01 -0.10 37.10

(-0.84–0.84) (-2.80–2.76) (-3.41–2.83) (-0.03–0.02) (-2.86–2.81) (18.36–63.41)
Field River South 0.25∗∗ 0.04 -0.09 < -0.01 -0.10 37.94

(-0.22–0.68) (-2.93–2.96) (-2.50–2.47) (-0.05–0.04) (-2.47–2.46) (18.02–64.29)
Kunnamuka Swamp -0.05 1.18 -0.45 < 0.01 -0.13 35.45
East (-0.83–0.76) (-2.45–4.56) (-2.51–1.79) (-0.04–0.05) (-2.68–2.33) (18.42-60.48)
Shitty Site 0.02∗∗ 0.10 0.41 < 0.01 0.44 37.22

(-0.80–0.80) (-3.19–3.52) (-2.80–3.27) (-0.03–0.04) (-2.56–3.35) (16.69–66.38)
South Site 0.17 0.28 0.18 -0.02 0.15 34.97

(-0.43–0.74) (-3.09–3.83) (-2.28–2.67) (-0.07–0.02) (-2.45–2.66) (16.70–59.53)
Field River North 0.03 -0.09 0.36 < 0.01 0.34 38.07

(-0.70–0.67) (-3.43–3.33) (-2.62–3.21) (-0.03–0.04) (-2.50–3.18) (17.75–66.01)
Tobermorey East -0.13 0.76 0.12 < -0.01 -0.38 36.65

(-1.11–0.64) (-1.95–3.41) (-2.56–2.89) (-0.05–0.03) (-3.03–2.69) (16.71–65.24)
Tobermorey West -0.32 0.09 -0.18 < -0.01 0.12 35.55

(-1.24–0.47) (-2.93–2.81) (-2.44–2.06) (-0.05–0.05) (-2.24–2.43) (15.18–61.34)
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FIGURE A1.1. Autocorrelation function (ACF) plots of residuals from the Original Model
for the five study species; (A) Pseudomys hermannsburgensis, (B) Notomys alexis, (C)
Dasycercus blythi, (D) Sminthopsis youngsoni, (E) Ningaui ridei across nine sites (Main
Camp, Carlo, Field River North, Field River South, Kunnamuka Swamp East, Shitty Site,
South Site, Tobermorey East, Tobermorey West). The horizontal red dashed lines or bands
indicate the 95% confidence interval.
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2 Appendix 2 (Chapter 4)

FIGURE A2.1. Mean Minimum Temperature (°C) and Mean Rainfall (mm) across the years
2000 - 2024 at Birdsville Airport weather station.
Source: Bureau of Meteorology, Australian Government
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FIGURE A2.2. Mean Minimum Temperatures (°C) of stations Bedourie (1998 - 2024) and
Birdsville Airport (2000 - 2024).
Source: Bureau of Meteorology, Australian Government
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FIGURE A2.3. Distribution of capture rates for Pseudomys hermannsburgensis over years
and grids. (A) Frequencies of each captures per 100TN. (B) Overall distribution pattern
of capture rates across years. (C) Overall distribution pattern of capture rates across grids.
(D) Distribution pattern of Avg. Spinifex Cover across years. (E) Distribution pattern of
Spinifex Flowering Score across years. (F) Distribution pattern of Spinifex Seeding Score
across years. (G) Distribution pattern of Dasycercus blythi capture rates across years. (H)
Distribution pattern of Total Rainfall across years. (I) Scatterplot of captures vs Avg. Spi-
nifex Cover. (J) Scatterplot of captures vs Spinifex Flowering Score. (K) Scatterplot of
captures vs Spinifex Seeding Score. (L) Scatterplot of captures vs Dasycercus blythi cap-
tures. (M) Scatterplot of Previous year rainfall vs captures. (N) Scatterplot of Avg. Spinifex
Cover vs Previous year rainfall.
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FIGURE A2.4. Distribution of capture rates for Sminthopsis youngsoni over years and grids.
(A) Frequencies of each captures per 100TN. (B) Overall distribution pattern of capture rates
across years. (C) Overall distribution pattern of capture rates across grids. (D) Scatterplot of
captures vs Avg. Spinifex Cover. (E) Scatterplot of captures vs Dasycercus blythi captures.
(F) Scatterplot of Previous year rainfall vs captures.
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Model Specifications : Details of GAM-AR & GAM-VAR

Model for GAM-AR & GAM-VAR is defined as follows (similar to GAM-GP):

yit ∼ Gamma(µit, ∅)

log(µit) =αgrid[i] + S1(D. blythi) + S2(Spinifex_Fl_Score)+

S3(Spinifex_Seed_Score) + S4(Spinifex_Avgcover, Rainfall(t−2)) + Zit

While all the parameter specifications are as per specified in Section 4.2.5 of Chapter 4, the

latent trend component (Zit) differs as follows:

• GAM-AR sets a single latent time series shared across grids:

Zi,t ∼ Normal(ar1i · Zi,t−1, σ
2
i )

where,

i = 1, 2, . . . , 34

ar1i ∼ Normal(0.5, 0.25)

σ2
i ∼ Exponential(5)

• GAM-VAR which assumes uncorrelated error sets independent trends for each grids

as a vector of multiple latent processes:

Zt ∼ Normal(A · Zt−1,Σ)

where,

A = Ni x Ni matrix of autoregressive coefficients where i = 1, 2, . . . , 34

capturing within grid dependance through diagonals

Σ ∼ Exponential(5)
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TABLE A2.1. The results of the final model (GAM-GP) for the rodent Pseudomys her-
mannsburgensis & the small insectivorous dasyurid Sminthopsis youngsoni. Approximate
significance of generalized additive smooth covariates (p-values < 0.05) are shown in bold.

Model covariates
p-value

Training set 1 Training set 2

P. hermannsburgensis

Spinifex Flowering Score 0.61 0.58

Spinifex Seeding Score 0.33 0.53

Mulgara 0.10 0.01
Avg. Spinifex Cover ∗ previous year rainfall 1.00 0.99

S. youngsoni

Mulgara 0.47 0.41

Avg. Spinifex Cover ∗ previous year rainfall 1.00 1.00
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FIGURE A2.5. Energy Scores for the final model of Pseudomys hermannsburgensis (GAM-
GP) with ‘Spinifex’ variables replaced with ‘Overall vegetation’ variables fitted for
Training set 1 (50%) and Training set 2 (80%) and evaluated for three forecast horizons
(2 years, 10 years and all remaining data). Diamond points represent mean scores across the
forecasted seasons within each forecast horizon, with error bars indicating the 95% confid-
ence interval. The ‘all remaining data’ horizon is represented in distinct colours to indicate
differences in the number of data points, making direct comparisons with the other horizons
inappropriate.
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FIGURE A2.6. Square root of the Weighted Variogram Scores for the final model of
Pseudomys hermannsburgensis (GAM-GP) and Sminthopsis youngsoni (GAM-GP(only
cover)) fitted for Training set 1 (50%) and Training set 2 (80%) and evaluated for three
forecast horizons (2 years, 10 years and all remaining data). Diamond and Square points
represent mean scores across the forecasted seasons within each forecast horizon, with error
bars indicating the 95% confidence interval. The colour differences within the 2 year and 10
year forecast horizons (blue and green) reflect variations in covariate specifications between
Pseudomys hermannsburgensis and Sminthopsis youngsoni. The ‘all remaining data’ hori-
zon is represented in distinct colours to indicate differences in the number of data points,
making direct comparisons with the other horizons inappropriate.
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FIGURE A3.1. Comparison of total annual rainfall between weather station data (blue line)
and ACCESS-CM2_oc simulated rainfall data (brown line) across five sites, representing all
spatial directions within the study area. Rainfall was analyzed at the site level, assuming
that both grids within a site experienced the same rainfall (Chapter 4). The selection of five
representative sites aimed to determine whether differences in rainfall scale were uniform
across the study area or specific to certain sites. Monthly rainfall data from weather stations
were unavailable for all 12 months as sampling was hindered due to constraints such as
adverse climatic conditions (e.g. road closures), hence, total annual rainfall was used to
ensure consistency in the comparison. Simulated rainfall data, derived at a 10 km resolution,
were matched to the nearest longitude and latitude points corresponding to the selected sites,
which is why the dataset is labeled ‘near’.
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FIGURE A3.2. Historical (1990 – 2014) and 12 year projected rainfall data based on the
three Shared Socioeconomic Pathways (SSPs) from the ACCESS-CM2_oc Regional Climate
Model (RCM). The black line represents the historical simulated rainfall data, while the
blue, green, and red lines correspond to the projected rainfall under SSP1, SSP2, and SSP3
scenarios, respectively. The data is separated for cooler and hotter months. The nearest
location to the Carlo site has been selected for reference.
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