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Abstract 

Many questions in ecology involve exploring the environmental processes that influence 

species’ distributions and abundances in both space and time.  Such environmental 

processes are rarely independent, and generally operate across many scales.  This is 

particularly relevant to riverine systems, where the nested hierarchical structure of the 

riverscape means fine-scale processes are strongly influenced by processes operating 

across larger scales.  Recent research has identified some key advantages in applying 

Bayesian hierarchical models to hierarchical ecological problems such as identifying 

relationships between species’ abundances and environmental predictor variables across 

multiple scales. This thesis focuses on applying Bayesian hierarchical models to 

multiscale datasets for freshwater fishes and aquatic macrophyte cover in South-East 

Queensland, Australia, to address two key aspects of applied river ecology and 

management.  Firstly, it examines multiscale species-environment relationships for 

freshwater fishes.  This involves developing Bayesian hierarchical models that reflect the 

structure of a conceptual model of fish species’ distribution and abundance.  Secondly, 

this thesis examines methods to integrate such multiscale relationships into models for 

river management and restoration using Bayesian networks with an emphasis on the 

management of aquatic macrophytes (BNs).  Novel statistical methods such as Bayesian 

hierarchical models and BNs have the potential to advance our understanding of 

multiscale abiotic drivers of ecosystem structure and function across the riverscape.   

Many previous studies demonstrating Bayesian hierarchical models in ecology have 

focused on explaining the potential advantages of their use, such as flexibility, and the 

quantification of multiple sources of uncertainty.  What has not been explored in detail 

was whether the additional effort required to develop Bayesian hierarchical models was 

repaid with improved model fit and ecological understanding.  Therefore, the first stage 

of research in this thesis was a comparative statistical analysis designed to answer this 

question.  I developed several Bayesian hierarchical models to relate the abundance of 

three species of freshwater fish to abiotic factors at different spatial and temporal scales 

in the Mary River, South-East Queensland, Australia.  Three alternative statistical model 
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structures were developed with increasing complexity and increasing ecological realism.  

Models were assessed on their descriptive and predictive performance. Descriptive 

accuracy of the models was assessed by comparisons of model fit and the ecological 

relationships each model identified.  Predictive performance of the models was assessed 

by comparing the accuracy and precision of predicted values of multiple sets of test 

observations held out from parameter estimation.  Across most model performance 

metrics the most complex model, a three-level Poisson regression, performed best.  This 

model was able to identify more complex interactions between species abundance and 

multiscale abiotic variables across the riverscape.  These results suggested that 

developing complex statistical model structures that reflect the conceptual understanding 

of riverine landscapes can help ecologists to understand hierarchical ecological 

relationships influencing instream biota. 

Several themes from landscape ecology pervade the riverscape approach to river ecology, 

including patch quality, patch context, connectivity and the importance of scale.  

Following the results of the comparative analysis, a Bayesian hierarchical model was 

developed to address several questions relating to abiotic influences on stream fish 

abundance arising from these themes of landscape ecology.  This novel statistical model, 

a zero-inflated hierarchical Poisson regression, is described in detail with respect to the 

ecological questions it can resolve.  Specifically, it quantifies the relationship between 

spatial and temporal variation in species’ abundance and environmental variables across 

multiple scales.  Simultaneously it quantifies the relationship between species spatial 

distribution (i.e. presence/absence) and landscape-scale variables.  Finally, the model also 

accounts for connectivity among sampling locations by modelling the extent of spatial 

autocorrelation in species abundance.  Having explained this model in detail, it is then 

applied in a metacommunity context to a suite of nine species in order to analyse the 

nature of hierarchical species-environment relationships with respect to each species’ 

capacity for large-scale migration and dispersal.   

 

 



iii 

I hypothesised that a species’ capacity for migration and dispersal would influence the 

relative importance of patch quality and patch context, and therefore the likely 

metacommunity model.  The results indicated that as expected, the metacommunity 

model was dependent on each species' capacity for dispersal.  Local-scale environmental 

variables that defined patch quality, strongly influenced local-scale abundance for both 

mobile and sedentary species suggesting a species sorting model.  However, the effect of 

patch context was quantifiably important for most mobile species suggesting that 

dispersal was of greater importance to this species group.  With respect to distribution, 

mobile species were more likely to display a species sorting model with spatial and 

temporal variation in species distribution, whereas sedentary species tended to have more 

stable spatial distributions suggesting a species sorting and mass effects model. 

It is clear that multiple drivers of ecosystem structure and function operate across 

multiple scales.  In the same way, multiple stressors such as flow regulation and riparian 

degradation operate across multiple scales to impair ecosystem structure and function.  

The provision of environmental flows is regarded as a high priority for restoration where 

changes to flow regimes are a significant cause of degradation in riverine ecosystems.  

However, flow regime changes from river regulation seldom occur in isolation from 

catchment and riparian degradation.  As a result, in the presence of multiple stressors on 

river health, it is often difficult to identify a primary cause-effect relationship in order to 

make rational decisions about river restoration approaches.  This is particularly the case 

where there is a shortage of data and management of the riverscape must rely on expert 

opinion.  To overcome this I demonstrated the use of Bayesian decision networks (BDNs) 

for prioritising river restoration initiatives using both expert opinion and existing data.  

By including cost and benefit functions relating to restoration options and ecological 

outcomes, the networks identify the most effective restoration approach under conditions 

of multiple stressors of river health.  Using expert opinion, I developed a BDN for 

managing dissolved oxygen conditions in a hypothetical regulated river.  Having 

demonstrated the potential utility of BDNs for river restoration in a hypothetical setting, I 

developed an empirical BDN to address the problem of managing outbreaks of nuisance 

aquatic macrophytes.  This approach provided a probabilistic approach to support 
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management decisions regarding river restoration in the presence of multiple stressors on 

ecological health.   

The results of this thesis contribute to three areas of applied ecology.  Firstly, the 

advantages of a Bayesian hierarchical approach to modelling multiscale ecological 

relationships were identified providing a methodological basis for advancement of the 

riverscape perspective for freshwater fish ecology.  Secondly, applying the riverscape 

perspective to guide the development of ecologically meaningful statistical models 

quantified key abiotic influences of fish species’ distribution and abundances across 

multiple spatial and temporal scales.  In particular, species’ capacity for large-scale 

dispersal and migration is found to affect the species’ relationship to environmental 

variables at these multiple scales.  Finally, the thesis contributes to the goals of river 

management by using the multiscale abiotic relationships that emerge from the riverscape 

perspective in Bayesian networks to prioritise river restoration efforts under conditions of 

multiple stressors to river health. 
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Appendix A.   
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Mark Kennard to develop a model whose mathematical structure resembled a 

conceptual ecological model as closely as possible.  Asst. Prof. Boone wrote the 

computer code to parameterise a novel statistical model that I described in a pseudo-

algorithm.  This paper is cited as Appendix B.   
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Chapter 1: General Introduction 
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1.1 Background 

1.1.1 Hierarchical nature of ecosystems 

Different components of ecological systems are influenced by a variety of factors 

operating at different spatial and temporal scales acting to determine structure and 

function (Leibold et al. 2004; Turner 2005).  There has been much debate surrounding 

the application of hierarchy theory (Allen and Starr 1982) to understand these 

multiscale interactions (Allen and Starr 1982; Allen and Hoekstra 1992; Holling 

1992).  Different levels of an ecological hierarchy are usually defined via rates of 

ecological and biophysical change and are associated with accompanying scales of 

measurement (Parsons et al. 2004).  Lower levels of a hierarchy are associated with 

high rates of change and small spatial scales, while higher levels of a hierarchy have 

slower rates of change in space and time (Allen and Starr 1982; Allen and Hoekstra 

1992).  For example, the growth rates of an algal assemblage occur over relatively 

short time scales compared to the much longer lived forest assemblage which governs 

the conditions in which the algae survive.  According to hierarchy theory, mechanistic 

relationships are unidirectional with conditions at higher levels governing lower levels 

of the hierarchy (Allen and Starr 1982; Allen and Hoekstra 1992).   The separation of 

levels within the hierarchy is directly relevant to these interactions with only linked 

levels of a hierarchy directly interacting with each other, with distant levels linked by 

intervening levels (Parsons et al. 2004).  While the notion of ecosystems being 

hierarchically structured is generally widespread in ecology, there has been some 

discussion regarding the unidirectional nature of mechanistic relationships posited by 

hierarchy theory.   

Holling (1992) described the conceptual model of a “panarchy” to explain the 

ecological processes and interactions that do occur in both directions across the 

hierarchical levels of an ecosystem.  Such systems may be driven by a small number 

of biotic and abiotic processes that structure the rest of the system across time and 

space (Holling 1992; Holling 2001).  An example of such a biotic process would be a 

keystone species (Paine 1969), one that has a disproportionate influence, across levels 

of organisation within their ecosystem, than their abundance would otherwise suggest 

(Mills et al. 1993).  The presence of such species is crucial to the organisation and 

diversity of the community in which it persists (Mills et al. 1993).  For example, the 
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absence from its community of the Australian sea urchin, Centrostephanus rodgersii 

an herbivorous grazer, has been shown to result in dramatic changes in biomass of the 

surrounding plant and animal species across different spatial and temporal scales 

(Fletcher 1987).  Despite this debate, riverine ecosystems are generally considered to be 

hierarchical systems, in large part due to their geomorphic structure (Frissell et al. 1986; 

Fausch et al. 2002).  

1.1.2 Rivers as hierarchical ecosystems 

Geomorphically, rivers are nested hierarchical systems with high level, large scale 

environmental conditions influencing conditions at successively lower levels of the 

hierarchy (Frissell et al. 1986; Benda et al. 2004b).  Processes operating over geologic 

time govern the formation of the river network with different catchment morphologies 

typically leading to different forms of river networks (Benda et al. 2004b).  The form 

of the network itself may then interact with physical processes within a catchment in a 

hierarchical manner (Benda et al. 2004a).  For example, the prevailing climate 

determines catchment rainfall patterns, which coupled with catchment geomorphology 

drive hydrologic variation at multiple scales, which in turn influences instream 

hydraulics and habitat structure at finer scales (Biggs et al. 2005; Lowe et al. 2006).  

Collectively, these multi-scaled and interacting environmental processes form a 

habitat templet (sensu Southwood 1977), influencing the evolution of life history 

strategies across the riverine landscape (Townsend and Hildrew 1994; Blanck et al. 

2007; Hoeinghaus et al. 2007; Tedesco et al. 2008).  The hierarchy of environmental 

factors has been described as a set of filters that interact with extant species traits to 

structure biotic assemblages across spatial scales (Tonn 1990; Poff 1997). 

The conceptual model of hierarchical abiotic filters (Figure 1-1) recognises the role 

that large scale environmental factors play in regulating biotic assemblages and 

abiotic factors at finer scales (Poff 1997).  Large scale abiotic filters such as the 

location of the catchment in the broader landscape are predicted to constrain the 

influence of lower level filters such as fine scale substrate composition (Poff 1997).  

Hierarchies also occur across temporal scales, inter-annual hydrologic fluctuations 

constrain the nature of shorter term hydrologic variation (Biggs et al. 2005).  This 

hierarchical structure of spatiotemporal filters in turn regulates the composition of 

biotic assemblages across scales (Tonn 1990; Poff 1997; Jackson et al. 2001).  To 
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persist at any given site an organism must pass through successively fine filters that 

select for specific organism traits to determine the local biotic assemblage (Tonn 

1990; Poff 1997).  As such, abiotic filters are predicted to regulate the distribution and 

abundance of organisms at different spatial scales (Poff 1997; Wiens 2002).  This 

hierarchical view of abiotic factors regulating biotic assemblages across spatial and 

temporal scales has been further developed by considering the discontinuities within 

riverine ecosystems (Poole 2002). 
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Figure 1-1:  Conceptual model of hierarchical abiotic filters that influence local-scale biotic assemblage 
composition.  Adapted from (Poff 1997) and (Jackson et al. 2001).   

 

1.1.3 Two approaches to hierarchical river ecology 

Two separate approaches assist in understanding drivers of assemblage structure 

across hierarchical spatial and temporal scales; the ‘landscape ecology’ approach and 

the ‘metacommunity’ approach.  Each focuses on different forces that may structure 

communities across scales (Hanski 1998).  Landscape approaches to aquatic ecology 

start with the notion of a habitat templet regulating assemblages via species traits 

(Southwood 1977) and therefore landscape studies have emphasised the importance of 
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abiotic factors across spatial and temporal scales regulating assemblage structure and 

the consequent biotic interactions that occur at the sub-populations scale (Schlosser 

1991; Fausch et al. 2002).  In contrast, metapopulation and metacommunity 

approaches place greater emphasis on biotic interactions and their role in regulating 

assemblage structure, rather than abiotic factors directly (Hanski 1998; Leibold et al. 

2004).  Both approaches recognise connectivity among habitat patches and the 

hierarchical arrangement of riverine ecosystems as important factors in regulating 

biotic and abiotic interactions.  Despite the difference in focus of these two 

perspectives, they have resulted in very similar approaches to multiscale studies in 

aquatic systems. 

1.1.1.1. Landscape ecology in rivers 

The landscape approach to river ecology focuses on the inherent discontinuities or 

patchiness of the riverscape and the spatial distribution and connectivity among 

habitat patches (Ward and Stanford 1983; Wiens 2002; Johnson and Host 2010).  

These factors are strongly influenced by environmental factors at multiple scales 

within the riverine hierarchy (Fausch et al. 2002; Wiens 2002).  A landscape approach 

to river ecology has been readily adopted in fish ecology given the varied local habitat 

requirements among species for refuge, feeding and spawning (Fausch et al. 2002).  

Some species prefer fast flowing riffle habitats while others require deep pools as 

habitat (Pusey et al. 2004; Blanck et al. 2007).  These habitat preferences mean rivers 

are in fact very patchy environments for fish (Schlosser 1991; Inoue and Nunokawa 

2002) because fine scale variation in channel morphology means hydraulic habitat 

itself is often very patchy (Statzner and Higler 1986; Pringle et al. 1988).  The 

inherent patchiness of instream habitat has been shown to strongly influence fish 

species’ distributions and abundances at fine spatial scales (Arrington et al. 2005; 

Schneider and Winemiller 2008).   

The patchiness of the riverine landscape can extend beyond fine spatial scales, such as 

hydraulic habitat units.  The notion of a patch is itself a hierarchical concept which 

can be defined at various spatial scales (Pringle et al. 1988; Wu and Loucks 1995; 

Kotliar and Wiens 1990).  In rivers patches have been defined at very fine scales 

(metres) as microhabitat structures such as woody debris (Schneider and Winemiller 

2008) or small quadrats (Willis et al. 2005) through to much larger spatial scales 
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(hundreds of square metres) including entire subcatchments (Dunham and Rieman 

1999).  The perceived patchiness of an ecosystem depends on both the scale of 

observation and the organism(s) under study (Wu and Loucks 1995).  However, 

patchiness in riverine landscapes is not limited to the spatial dimension given habitat 

is also temporally regulated (Poole 2002; Sheldon and Thoms 2006). 

Temporal variations in river discharge regulate patch connectivity throughout an 

entire catchment creating temporally disconnected and connected habitat patches 

(Sheldon and Thoms 2006).  Depending on the hydrologic and hydraulic variation of 

a stream, refuge pools can become variously disconnected and reconnected over time 

(Townsend and Hildrew 1994; Sheldon et al. 2010).  In low order streams which can 

be more flashy than higher order streams, refugia may become disconnected after 

relatively short periods of low flow at fairly regular intervals due to the large 

variability in hydraulics over small spatial scales (Schlosser 1995).  In perennial 

higher order streams, where hydraulic variation may be lower (Jackson et al. 2001), 

patch disconnection may be more infrequent and available habitat at any one time is 

likely to be much larger in scale (Townsend and Hildrew 1994).   

Wiens (2002) introduced six themes of landscape ecology, four of which directly 

apply to the nature of habitat patches and their place in the broader riverscape.  These 

are outlined below: 

Theme (1) Patches differ in Quality 

“Patch quality” is the suitability through time of a given habitat patch for a 

given species depending on local-scale biotic and abiotic conditions (Palmer et 

al. 2000; Wiens 2002; Winemiller et al. 2010).  Many species have specialised 

habitat, feeding and refuge requirements (Schneider and Winemiller 2008; 

Poff and Allan 1995; Crook and Robertson 1999) and as such their distribution 

and abundance may change following spatial and temporal changes in patch 

quality (Bond and Lake 2003b; Winemiller 2005).  The concept of patch 

quality is itself hierarchical – the suitability of a patch for a given species is 

essentially determined by processes operating at local through to landscape 

scales (Kotliar and Wiens 1990; Poole 2002) making patch quality inherently 

related to patch context.   
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Theme (2) Patch boundaries affect flows 

The nature of the boundaries of any discrete habitat patch can have a 

fundamental influence on the nature of the patch and therefore the spatial 

patterns of organisms (Wiens 2002).  The boundaries of a discrete habitat 

patch regulate the flow of organisms, energy and materials into and out of the 

patch.  It is well recognised that the surrounding terrestrial environment can 

contribute important energy sources to aquatic ecosystems via allochthonous 

inputs (e.g. Vannote et al. 1980; Junk et al. 1989) which may result in spatial 

variation in food web structure (Closs and Lake 1994; Bunn et al. 1999; but 

see Hadwen et al. 2010).  Spatial variation in the permeability of the hyporheic 

zone can also create spatial patterns in species’ distributions and abundances 

via surface-water groundwater interactions altering nutrient, sediment and 

thermal dynamics (Torgersen et al. 1999; Boulton and Hancock 2006).  

Nonetheless, the influence of patch boundaries in riverine ecosystems is 

governed by hydrologic variation (Wiens 2002).  Extended periods of drought 

or flood alter the locations of patch boundaries and may alter the importance 

of groundwater sources and allochthonous materials and energy sources (Junk 

et al. 1989; Tockner et al. 2000).     

Theme (3) Patch context matters 

“Patch context” refers to the nature and type of landscape surrounding any 

discrete habitat patch (Wiens 2002).  Though not always expressed as such, 

aquatic ecologists recognise the importance of patch context as this aspect of 

landscape ecology is fundamental to understanding the hierarchical nature of 

river systems (Johnson and Host 2010).  Hierarchical studies have identified 

relationships between stream fish abundance and abiotic conditions across 

multiple scales where local scale abiotic conditions and interactions with 

landscape scale processes can influence local scale abundance (Sandin and 

Johnson 2004; Kennard et al. 2007).  For example, the relationship between 

fish species abundance and water depth may depend on the long term 

hydrologic context of the patch (Kennard et al. 2007).  Further, it has been 

shown that local-scale species-environment relationships themselves may vary 

given landscape-scale abiotic conditions (Lancaster and Downes 2010).  
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Multiscale relationships such as these suggest that what may appear to be a 

suitable patch given local-scale abiotic conditions may actually be unsuitable 

due to the landscape context of the patch.  Without due consideration of the 

context of a sampling site, or habitat patch, such relationships may appear 

confusing and contradictory (Wiley et al. 1997).   

Theme (4) Connectivity is critical 

The connectivity among patches within a catchment is related to the spatial 

context of each patch and influences the flow of energy, materials and 

organisms across the landscape (Wiens 2002).  Despite the apparent high 

levels of connectivity in riverine landscapes driven by their longitudinal 

structure and the one-way flow of water, rivers can often be highly 

disconnected environments for some species, depending on their physiological 

traits (Ward and Stanford 1983; Bond et al. 2008).  Patch connectivity may be 

affected by anthropogenic barriers such as dams and weirs (Ward and Stanford 

1983; Falke and Gido 2006) as well as natural variation in catchment 

characteristics and channel morphology such as waterfalls and thermal barriers 

(Schaefer et al. 2003).  The temporal variability of discharge means 

connectivity in rivers is not just a spatial phenomenon.  Temporal variation in 

river discharge over seasonal, annual or longer time periods, alters 

connectivity between patches at a range of scales (Sheldon and Thoms 2006; 

Bond et al. 2008).  For example extended dry spells may reduce available 

habitat to deeper refuge pools or perennial reaches (Labbe and Fausch 2000; 

Bond and Lake 2005), while flood events may render much of the channel 

uninhabitable for many species (Meffe 1984), while providing temporal 

habitat, such as back-waters or billabongs, for others (Franssen et al. 2006).   

The connectivity of instream habitat patches for fish species is naturally 

constrained by the dendritic structure of rivers (Fagan 2002; Grant et al. 2007).  

Riverine connectivity can be quantified via metrics describing the type of site, 

i.e. mainstem or tributary (e.g. Hitt and Angermeier 2008) or via distance 

metrics such as Euclidean or instream distance (e.g. Ver Hoef et al. 2006; 

Brown and Swan 2010).  Connectivity can also be assessed by examining 

residual spatial autocorrelation after fitting a statistical model that accounts for 
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distances among sampling locations (Peterson et al. 2007).  Spatial 

autocorrelation describes the situation where the value of a particular variable 

at two locations is related to their spatial proximity (Legendre 1993).  High 

levels of spatial autocorrelation may not be expected between two sites where 

connectivity is low despite close proximity.  As such, measures of residual 

spatial autocorrelation provide an indication as to the extent of connectivity 

among sites.   

Theme (5) Organisms are important 

It is clear that organisms themselves and their ecological traits must be 

considered in any analysis of multiscale drivers of species’ distribution and 

abundance (Wiens 2002).  Trait based approaches to ecological research are 

relatively common; ideas such as the habitat templet (Southwood 1977) and 

hierarchical abiotic filters (Poff 1997) were developed around the concept that 

species distributions and abundances are determined via interactions between 

their traits and the surrounding environment.  Patterns of trait occurrence in 

stream fishes are often related to spatial and temporal variation in abiotic 

variables such as stream flow (Poff and Allan 1995), stream hydraulics (Persat 

et al. 1994c) and structural habitat complexity (Willis et al. 2005).  For 

example, fish body morphology is likely to be related to a species’ choice of 

hydraulic habitat due to the interaction between hydrodynamic drag and body 

shape (Sagnes et al. 1997; Lamouroux et al. 1999; Goldstein and Meador 

2004).  These patterns also vary according to environmental variables across 

multiple spatial and temporal scales (Richards et al. 1997; Weigel et al. 2003).  

When analysing species-environment relationships for entire assemblages, 

aggregating species into functional groups according to their ecological traits 

can help to avoid a bewildering array of species-specific details (Wiens 2002) 

and to elucidate relationships that may be masked in a species specific 

approach. 

Theme (6) The importance of scale 

An overarching theme within landscape ecology which governs the above 

understanding of patch quality, context and connectivity is the importance of 

scale in analysis of landscape patterns (Wiens 2002).  Abiotic variables of 
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different scales can be used to define both patch quality and patch context, 

while the importance of scale in identifying species-environment relationships 

in stream fish ecology has long been recognised (Jackson et al. 2001; 

Townsend et al. 2003).  Scale dependence, which refers to the change in an 

ecological relationship according to the scale of observation (Chase and 

Leibold 2002; Sandel and Smith 2009), has been observed in such patterns of 

freshwater fish diversity (Angermeier and Winston 1998) and relationships 

between species and discharge (McGarvey and Ward 2008).  Further, studies 

of multiscale ecological relationships have revealed that the distribution and 

abundance of freshwater fish is likely to be influenced by ecological processes 

operating across multiple scales, from fine scale habitat variables to large scale 

climatic factors (Kennard et al. 2007; Labbe and Fausch 2000; Stewart-Koster 

et al. 2007).  It is imperative that the scale of observation be considered in 

ecological research (Levin 1992).  

Another important aspect with respect to scale is the numerical resolution used 

for a given study and its implications for understanding species distribution 

and abundance.  At one end of the spectrum of numerical resolution is the 

spatial distribution of a species (i.e. presence/absence), while spatiotemporal 

variation in absolute abundance lies at the other end of this spectrum providing 

a fine resolution measure of species’ population fluctuations (Rahel 1990).  It 

is likely that measures based on different numerical resolution are related to 

environmental variables at different scales (Kramer et al. 1997; Wiley et al. 

1997; Kennard et al. 2007).  For example, a coarse scale measure such as a 

species’ spatial distribution across a landscape is likely to be related to large 

scale environmental gradients such as elevation or average climatic conditions 

according to its physiological tolerances.  In contrast, at the other extreme of 

numerical resolution, spatiotemporal variation in species’ abundance may be 

related to environmental variables that vary in space and time, such as water 

velocity or daily discharge (Kennard et al. 2007).   

Four of these six themes of landscape ecology fit in with the multiple scales of nested 

hierarchical filters (Poff 1997) that influence the composition and structure of biotic 

assemblages (Figure 1-2). 
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Figure 1-2:  Conceptual diagram illustrating the overlap between nested abiotic filters that influence the 
composition and structure of biotic assemblages (Poff 1997) and the four themes of landscape ecology that 
are specifically relevant to the nature of habitat patches and their place in the broader landscape (Wiens 
2002).   

 

The conceptual developments associated with a landscape approach to river ecology 

have led to an increasing number of multiscale studies (particularly invertebrates and 

fish) in aquatic systems (Johnson and Host 2010).  Studies of stream fish populations 

and assemblages have sought to understand how abiotic factors at different 

hierarchical levels are related to ecological responses at one or more scales of 

observation (Angermeier and Winston 1998; Torgersen et al. 1999; Kennard et al. 

2007; Stewart-Koster et al. 2007).  While broadly fitting under the banner of 

multiscale river-landscape work, these studies have quite different research goals.  

Some studies quantify the degree to which variables at different scales can explain 

assemblage variation/composition at local scales (Angermeier and Winston 1998; 
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Wang et al. 2003; Kennard et al. 2007). Other studies examine how assemblage 

and/or population structure at multiple scales varies due to abiotic factors at multiple 

scales (Torgersen et al. 1999; Boys and Thoms 2006).  An additional focus considers 

the connectivity and spatial context of study sites (Stewart-Koster et al. 2007; Hitt and 

Angermeier 2008). 

A consistent picture of the most important scale of abiotic influence has not yet 

emerged in this body of literature (Johnson and Host 2010), indeed it may be the case 

that there is no “most important” scale (Deschênes and Rodriguez 2007).  Assemblage 

studies at the local-scale suggest that both landscape level factors such as elevation 

and catchment area (Gido et al. 2006; Pinto et al. 2009) and local scale factors such as 

water velocity and substrate composition (Wang et al. 2003; Heitke et al. 2006), or a 

mix of both, can be highly correlated with local fish assemblage composition, 

potentially varying by species (Kennard et al. 2007).  Alternatively, in some studies 

environmental predictors can be highly correlated across scales making conclusions 

about the scale of drivers of biotic assemblages uncertain (Stewart-Koster et al. 2007; 

Snelder and Lamouroux 2010).  Where the spatial connectivity of study sites is 

explicitly considered, it has also been shown to be strongly related to assemblage 

structure (Stewart-Koster et al. 2007; Hitt and Angermeier 2008).  It may be that 

biotic processes become more important than abiotic factors in high order streams 

where environmental variation is often lower (Persat et al. 1994a; Jackson et al. 

2001).  The diversity of findings can be summarised into a conceptual model of 

drivers of species’ distribution and abundance (Figure 1-3).  The importance of the 

spatial context of habitat patches and the movement of organisms among them, is the 

focus of a parallel body of multiscale research in riverine ecosystems, that of 

metapopulation and metacommunity research (Leibold et al. 2004; Holyoak et al. 

2005).   
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Figure 1-3:  Conceptual diagram of multiscale abiotic drivers of species’ distribution and abundance.  
Local-scale environmental variables directly influence species distribution and abundance while large-scale 
environmental variables and the spatial location of sampling locations directly and indirectly influence 
species distribution and abundance.  Environmental variables at different scales may influence species 
distribution and abundance separately. 

 

1.1.1.2. Metapopulation and Metacommunity approaches to river ecology 

The spatiotemporal variation in habitat connectivity, and therefore patchiness, across 

the riverine landscape may lead to the formation of naturally occurring 

metapopulations and metacommunities in aquatic systems (Jackson et al. 2001; 

Brown and Swan 2010; Rieman and Dunham 2000).  A “metapopulation” is defined 

as a set of interacting populations inhabiting discrete habitat patches linked by 

dispersal and migration (Taylor 1990; Hanski 1991; Hanski 1998).  Likewise, a 

“metacommunity” is defined as a set of local communities of potentially interacting 

species in discrete habitats (Leibold et al. 2004; Muneepeerakul et al. 2008).  A 

metacommunity or population may arise from at least three different conditions; (i) 

assemblages of discrete permanent patches such as oceanic islands; (ii) temporary 

habitat patches distinct from the background habitat matrix such as water filled tree 
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holes; and (iii) permanent habitats with indistinct boundaries such as coral reefs 

(Leibold et al. 2004).  Freshwater habitats are distinct from other habitat mosaics due 

to the dendritic nature of the riverine ecosystem and the temporal variability of habitat 

availability (Sheldon and Thoms 2006) resulting in habitat patches that are variously 

connected and disconnected through time allowing dispersal under specific conditions 

(Bouvier et al. 2009; Fullerton et al. 2010; Sheldon et al. 2010).     

Metapopulation theory typically focuses on population demographic processes such as 

dispersal and predator-prey dynamics as important factors in the persistence of 

metapopulations in such fragmented landscapes (Taylor 1990; Hanski 1998).  These 

processes are strongly influenced by the connectivity of the suitable habitat patches 

(Holyoak and Ray 1999).  There have been some studies that investigate 

metapopulation distribution patterns related to abiotic habitat characteristics at both 

landscape (Bolger et al. 1997; Dunham and Rieman 1999) and local scales (Sjögren-

Gulve 1994), however, the general focus of metapopulation research is in the 

dynamics of biotic interactions (Taylor 1990).  Despite this emphasis, recent advances 

in the metacommunity literature provide a framework for undertaking detailed 

analyses of multiscale abiotic species-environment relationships studies in ecology.   

There four most common models of metacommunity dynamics which postulate 

different mechanisms for regulating sub-communities are, patch-dynamics (PD), 

species sorting (SS), mass effects (ME) and neutral (N) paradigms (Leibold et al. 

2004).  The PD model views habitat patches as equal with dispersal, colonisation and 

extinction structuring local communities, the SS model emphasises local resource 

gradients influencing local community structure via dispersal limitation, the ME 

model considers spatial dynamics to be structured by net migration among habitat 

patches while the neutral model assumes all species have equal dispersal and 

competitive ability with community structure determined by the overall probability of 

net species gain in any patch (Mouquet and Loreau 2003; Leibold et al. 2004).  The 

SS and ME models provide useful frameworks for understanding multiscale abiotic 

species-habitat relationships (Leibold et al. 2004; Cottenie 2005).  As the 

metacommunity concept considers abiotic effects on species distribution and 

abundance in two categories, local and regional (Urban 2004; Brown and Swan 2010), 

the relative influence of regional and local variables can be used to identify the model 

driving the metacommunity (Leibold et al. 2004; Cottenie 2005).  A species-sorting 
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model is evident where local-scale environmental variables are the most important 

predictors of local community structure and where regional-scale variables are more 

strongly related to community structure a mass effects model is assumed (Leibold et 

al. 2004; Cottenie 2005).  These paradigms may be useful when interpreting 

relationships that emerge from multiscale species-environment studies prevalent in the 

landscape literature. 

The range of findings in the multiscale studies that follow the landscape approach to 

river ecology are similarly reflected in the metacommunity literature.  Riverine 

metacommunity studies have found evidence to support a SS model where local-scale 

environmental variables are more important than regional-scale spatial variables (e.g. 

Cottenie and De Meester 2004; Heino and Mykrä 2008).  The spatial location of study 

sights in the broader network may also be important with different metacommunity 

models possible in sites directly connected to the mainstem of a river from those in 

headwater sites (Brown and Swan 2010).  Similarly, such conclusions can depend on 

factors such as the biological unit of interest with taxonomic and functional group 

analyses yielding conflicting results (Hoeinghaus et al. 2007).  It may also be the case 

that riverine metacommunities fluctuate between the two models at a taxonomic level 

(Urban 2004; Werner et al. 2009).  Thus, two separate approaches to multiscale 

ecology have developed that use similar methods to explore related issues from 

different perspectives.   

The common findings each approach has unearthed can be summarised as follows;  1) 

Local-scale variables can play an important role in regulating biotic assemblages 

(Wang et al. 2003; Pandit et al. 2009) highlighting the importance of patch quality.  2) 

The response of a community to its environmental conditions may vary depending on 

its location in the broader catchment (Hitt and Angermeier 2008; Brown and Swan 

2010) indicating the potential importance of patch context.  3)  The importance of 

landscape or local scale variables may vary by species (Urban 2004; Kennard et al. 

2007) which highlights the potential advantage of a single species approach to 

statistical modelling.  4) Connectivity can be an important factor influencing biotic 

assemblage structure (Lasne et al. 2007; Bouvier et al. 2009) suggesting that spatial 

connectivity should be incorporated explicitly in such ecological analyses.   
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1.1.4 Anthropogenic impacts on river systems across the riverine 

hierarchy 

Despite being a disproportionate source of global biodiversity there is increasing 

pressure on riverine ecosystems from a range of stressors such as hydrologic 

alteration, riparian and catchment vegetation clearing, overexploitation of fisheries 

and the introduction of alien species (Nilsson et al. 2005; Poff et al. 2007; Strayer and 

Dudgeon 2010).  The effects of such modifications to riverine landscapes are varied 

but can include alteration of aquatic vegetation patterns (King et al. 2004) including 

excessive growth of nuisance aquatic macrophytes (Blanch et al. 2000; Goes 2002), 

declines in water quality (Johnes and Heathwaite 1997; Tong and Chen 2002; Udy et 

al. 2006; Galbraith and Burns 2007) and changes to fish (Kennard et al. 2005; Falke 

and Gido 2006; Gido et al. 2010) and invertebrate assemblages (Moore and Palmer 

2005; Walsh et al. 2007).  It is rare, however, that anthropogenic stressors on riverine 

ecosystems occur in isolation; frequently multiple stressors occur together to impact 

river systems (Allan 2004; Ormerod et al. 2010).  In addition, different stressors often 

operate and interact at different spatial and temporal scales (Downes 2010) and as a 

result the impacts often follow a hierarchical pattern (Strayer et al. 2003; Allan 2004).  

For example, when coupled with increased nutrient loading from catchment land use 

change (Allan et al. 1997; Udy et al. 2006), the stabilisation of previously variable 

discharge regimes due to flow regulation can lead to excessive growth of nuisance 

macrophytes (Blanch et al. 2000; Bunn and Arthington 2002) along with considerable 

changes to water quality (Harris 2001).  Identifying the scales at which these stressors 

impair river systems is important when specifying restoration strategies to remediate 

impacted systems (Bohn and Kershner 2002; Bond and Lake 2003a).   

While it is well recognised that river systems, are affected by a combination of land-

use and flow-related drivers; restoration efforts are often focused on one or the other 

(Lake et al. 2007).  A variety of strategies has been used by river managers to mitigate 

the impacts of specific stressors to river ecosystems including riparian revegetation 

(Broadmeadow and Nisbet 2004), environmental flow releases (Poff et al. 2003) and 

construction of structural instream habitat (Brooks et al. 2004).  However, it can be 

very difficult to identify the most appropriate restoration method where there are 

multiple stressors impacting river health.  Many quantitative decision support systems 
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are available to river managers to assist in determining the most effective restoration 

strategy such as optimisation methods (e.g. Jager and Rose 2003; Johnson et al. 2007), 

statistical methods (e.g. Bradford et al. 2005) and graphical methods such as decision 

graphs (e.g. Ames et al. 2005; Hart et al. 2005; Pollino et al. 2007).  However, river 

restoration most likely has the best chance of success if guided by ecological theory 

(Lake et al. 2007; Downes 2010).  The development and use of approaches that can 

incorporate ecological theory to help identify key processes of degradation under 

conditions of multiple stressors will assist river management and restoration planning 

(Ormerod et al. 2010).   

 

1.2 Multiscale analysis of river ecosystem structure 

1.2.1   Models for river ecology and management 

Identifying key environmental determinants of instream species’ distributions and 

abundances or the effect of anthropogenic modifications to the riverine landscape is 

complicated by the hierarchical nature of river systems (Parsons et al. 2004).  Many 

standard statistical methods that are commonly used in ecology are not designed to 

account for this nested hierarchical structure (Clark 2005).  Typically data from 

multiscale studies display a hierarchical structure where explanatory variables vary at 

different levels (Gelman et al. 2004; Parsons et al. 2004).  For example data collected 

across multiple catchments may consist of variables that vary at the across sampling 

locations, such as water depth and velocity, as well as data that only vary across 

catchments, such as mean annual discharge or catchment geomorphology (Boone et 

al. 2005b).  There are at least three broad approaches that have been used in 

multiscale studies in riverine landscapes to account for the hierarchical structure in 

such data; 1) hierarchical and multiscale sampling design, 2) heuristic approaches to 

guide model development and variable selection and 3) hierarchical statistical 

methods.  Each of these approaches has advantages and disadvantages and the choice 

among them should be guided by the research question and available data.   

A hierarchical approach to sampling design can help to identify the scales at which 

data should be collected to best address the research question of interest (Parsons et al. 

2004).  Such an approach involves identifying environmental variables at different 
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hierarchical levels that may be relevant to the response variable under study (Gelman 

and Hill 2007).  This can be difficult in river systems as there are many potential 

factors operating over a range of spatial and temporal scales to regulate species 

distribution and abundance (Jackson et al. 2001; Angermeier and Winston 1998; 

Marsh-Matthews and Matthews 2000).  Following Frissel (1986), fluvial 

geomorphology has been used as a framework to guide hierarchical data collection 

(Boys and Thoms 2006; Parsons et al. 2004, 2003).  Scales of observation at which to 

measure response and explanatory variables are identified a priori basing them in a 

hierarchical geomorphic habitat template (Parsons et al. 2004; Boys and Thoms 

2006).  These data can then be incorporated into an appropriate statistical model 

(Parsons et al. 2004; Olden et al. 2006).   

Alternatively, a heuristic approach to multiscale analysis based on a conceptual model 

can help identify multiscale relationships across levels of the riverine hierarchy.  

Olden et al. (2006) developed hierarchical artificial neural networks to predict 

macroinvertebrate richness in North American streams using a heuristic approach to 

incorporate the hierarchical structure of multiscale data.  Explanatory variables at 

larger scales were used to predict explanatory variables at finer scales and the 

residuals from the predictive models at each level were used as predictors in a final 

neural network to predict local-scale macroinvertebrate richness.  An alternative 

approach is to use a conceptual model of the riverine hierarchy to guide multiscale 

variable selection.  Stewart-Koster et al. (2007) defined a conceptual model of 

hierarchical drivers of fish assemblage structure which was used to guide the selection 

of statistically significant explanatory variables across multiple scales of the riverine 

hierarchy.  These approaches can help to identify multiscale species-environment 

relationships when using statistical approaches that lack a hierarchical mathematical 

structure. 

The choice of statistical method naturally depends on the focus of the study, however, 

they can be categorised as either multivariate or univariate approaches.  The majority 

of multivariate statistical methods do not have a hierarchical structure that can relate 

predictor and explanatory variables across scales.  A conceptual model or heuristic 

approach can assist as a basis for incorporating the hierarchical structure in the data 

(e.g. Olden et al. 2006; Stewart-Koster et al. 2007).  Whereas several univariate 

statistical models have an explicit hierarchical structure such as nested analysis of 
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variance, random effects or mixed effects models and repeated measures analyses.  

Commonly nested analysis of variance models identify variation at the level of 

different sampling resolutions, for example, sampling may be conducted at the habitat 

unit level, the habitat unit nested within the reach, and the reach nested within the 

river, with variance in the response variable being estimated at each level (e.g. Boyero 

and Bailey 2001; Heino et al. 2004; Robson et al. 2005).  Random effects and mixed 

effects models seek to account for variation which can be attributed to sampling 

locations, such as habitat units, and in the case of mixed effects models, also include 

explanatory variables in the model (e.g. Li et al. 2001; Magalhães et al. 2002; 

Ballinger et al. 2005; Gray et al. 2005).  Correlations due to repeated sampling of the 

same sampling unit can be incorporated into the model via repeated measures analysis 

(e.g. White and Harvey 2001; Beckmann et al. 2005; Maloney et al. 2008).  All of 

these methods are multilevel models (Zuur et al. 2007), however, another class of 

multilevel model is the hierarchical regression model.   

Hierarchical regression models are applicable when multiscale data are collected 

resulting in explanatory variables that vary at different hierarchical levels 

(Raudenbush and Bryk 2002; Gelman et al. 2004).  An example of the general form of 

a two level hierarchical model adapted from Raudenbush and Bryk (2002) as could be 

applied to riverine landscapes is as follows: 

0 1 1 ...ij i i ij pi pij ijy X Xβ β β ε= + + + +  (1-1)  

Where yij is the response variable, Y, at the ith sampling unit on the jth sampling trip 

β0i is the intercept, or the overall mean of Y for each river 

Xpij is the pth explanatory variable at the ith site in the jth sampling trip. 

βpi is the coefficient for the pth explanatory variable in the ith sampling unit.  

εij is the error associated with the ith site and the jth sampling trip. 

This regression equation (Equation 1-1) is at the level of the sampling unit and relates 

the response variable to explanatory variables that vary among sampling units through 

time.  An additional level to the model allows for effects of the explanatory variables 

to vary among sampling units and themselves be related to river level explanatory 

variables that do not vary in time (such as elevation), Zki, in a linear model: 
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0 1 1 ...pi p p i pk ki kiZ Zβ α α α ω= + + + +  (1-2)   

Where βpj is the regression coefficient for the pth explanatory variable in the jth river. 

Zki is the kth river level explanatory variable at the ith sampling unit 

αp0 is the intercept, or the overall effect of the pth local-scale explanatory 

variable on the response variable Y. 

αpk is the regression coefficient estimating the effect of the kth river level 

explanatory variable on the for the pth site level coefficient 

ωki is the error term associated with the kth river level explanatory variable in 

the ith sampling unit 

Thus in this model the regression coefficients at the sampling unit that are related to 

the response variable (βpi), are themselves estimated by catchment level predictors, Zk, 

which can also have a direct effect on the response variable via αp0.  The inclusion of 

ωki in the second level (Equation 1-2) of the model allows for some random deviation 

around this estimate, excluding this term would assume the βs are fixed effects 

(Raudenbush and Bryk 2002).  The error distribution of this model has not been 

specified, however, it is possible to apply the GLM framework to the hierarchical 

model allowing flexibility in the error distribution (Hox 2002; Raudenbush and Bryk 

2002; Gelman et al. 2004).  Hierarchical models such as these can be estimated in 

either a Bayesian or frequentist framework. 

Increasingly, the use of hierarchical  models analysed within a Bayesian framework 

have been advanced because of the flexibility to develop statistical models whose 

mathematical structure more accurately reflects the conceptual understanding of 

riverine ecosystems (Clark 2005; Diez and Pulliam 2007; Cressie et al. 2009).  

Bayesian statistical models are estimated via conditional probability using Bayes 

theorem (Equation 1-3) to estimate the posterior probability of any model, represented 

by θ, conditional on the observed data, p(θ|y).  This is read as the probability of θ 

given y.  This probability is calculated as the prior probability of the model, p(θ), 

multiplied by the likelihood function which is the probability of the data given the 

model p(y|θ) divided by a normalising constant, the marginal probability of the data 

p(y) (Gelman et al. 2004).  



 

21 

)(
)|()()|(

yp
yppyp θθθ =    (1-3) 

The prior probability of the model can be uninformative, meaning that only the data 

determine the parameter estimates, or if appropriate information is available the prior 

distribution can be informative to compliment the data thereby influencing the results 

of parameter estimation (Ellison 1996; Gelman et al. 2004).  Essentially, the Bayesian 

approach results in an estimate of the posterior probability of the model given the 

observed data and any prior information (Gelman et al. 2004; Clark 2005).  In 

contrast, the frequentist approach takes an opposite view of probability which 

estimates the probability of the observed data given the model, ( | )p y θ  which is the 

likelihood component of Bayes theorem (Equation 1-3).  This is a key difference 

between the two approaches.  Frequentist statistical modelling is limited to the 

likelihood function which introduces a series of distributional restrictions and 

assumptions to which a Bayesian model would not necessarily be subject (Gelman et 

al. 2004).  Further, Bayesian methods can make use of additional sources of 

information via the inclusion of prior probabilities in the model (Ellison 1996; 

Gelman et al. 2004).  The conditional probability approach of Bayes theorem can be 

integrated with graphical models to create Bayesian networks (BN) which have 

recently been used in riverine management decision making (e.g. Ames et al. 2005; 

Hart et al. 2005; Said 2006; Pollino et al. 2007). 

A Bayesian network is a graphical model representing a network of conditional 

probabilities in a system which can incorporate a hierarchical model structure (Pearl 

1988; Borsuk et al. 2004; Korb and Nicholson 2004).  The network is acyclic such 

that arcs are directional links between parent and child nodes that represent assumed 

causal pathways (Figure 1-4).  Only directly linked nodes describe specific 

conditional relationships with separated nodes in the network linked via intervening 

nodes (Jensen and Nielsen 2007).  This is consistent with hierarchy theory where the 

interactions between distant levels of organisation are linked via intervening levels 

(Parsons et al. 2004).  The use of Bayes theorem to estimate the relationships in the 

network provides the opportunity to use data and expert opinion, together or in 

isolation, to populate the network (Korb and Nicholson 2004; Pollino et al. 2007).  

The graphical nature of BNs makes them an attractive tool for applied ecologists as 

complex ecological relationships can be incorporated into multilevel structures.  A 
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further advantage in using BNs in river ecology and management is the ability to 

incorporate costs and benefits of management decisions into the network, creating a 

Bayesian decision network (BDN), to use for decision support (Korb and Nicholson 

2004; Jensen and Nielsen 2007).   

 

 

Figure 1-4:  An example of a relatively simple Bayesian network where the child node Y is conditionally 
dependent on the nodes X and U and X is conditionally dependent on the node Z.   

 

Bayesian networks differ from hierarchical statistical models in several ways.  The 

graphical basis of BNs allows for complex network structures that reflect the causal 

pathways among a set of variables.  This accommodates intermediate environmental 

variables themselves being dependent on other environmental variables (e.g. Node X 

in Figure 1-4).  In that sense, there can be multiple response variables in the Bayesian 

network at different levels of the hierarchical structure (Hamilton et al 2007).  The 

possible structure of a hierarchical model is more limited and is based on quantifying 

relationships between a response variable and predictor variables at different scales 

(Gelman et al. 2004), rather than the causal pathways among several environmental 

variables.  This allows for species-environment relationships to depend on other 

environmental variables at different scales (e.g. Equation 1-2).  A further difference, 

which is a perceived limitation of BNs, is the restriction to categorical variables with 

continuous variables needing to be categorised for input into a BN model (Pollino et 

al 2007).  In contrast, virtually any variable type can be used in a Bayesian 
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hierarchical model as either a response or predictor variable as is the case with 

classical statistical models 

It has been argued that Bayesian hierarchical models offer several advantages over 

more traditional modelling approaches (Clark 2005; Cressie et al. 2009).  A Bayesian 

approach to modelling in general, as opposed to the frequentist approach, allows more 

flexibility in model structure and a better understanding of model uncertainty (Gelman 

et al. 2004; Clark 2005; Cressie et al. 2009).  This added flexibility means that 

complex hierarchical statistical structures can be developed that more closely reflect 

conceptual ecological models (e.g. Hooten and Wikle 2008; Heisey et al. 2010b).   

Such model structures may incorporate multiple sources of uncertainty such as 

observation error and uncertainty around ecological processes, and model parameter 

uncertainty (Cressie et al. 2009).   Despite these advantages of Bayesian approaches to 

hierarchical modelling, there are several limitations and difficulties which may 

impede ecologists from using these methods (Cressie et al. 2009).   

Developing Bayesian hierarchical models requires a deeper understanding of the 

mathematical framework of the statistical model being used for analysis due to the 

necessity to specify model structure including prior distributions around model 

parameters (Ellison 2004; Gelman and Hill 2007).  This has generally meant that 

some degree of statistical programming is required to use commonly available 

Bayesian software, such as WinBUGS (Lunn et al. 2000).  The mathematical structure 

of hierarchical models is generally considerably more complex than single level 

models further adding to the difficulty of implementing these methods (Hodges 2010).  

Furthermore, parameter estimation via Markov Chain Monte Carlo (MCMC), a 

common method of Bayesian modelling, is generally considerably slower than 

maximum likelihood estimation (Gelman et al. 2004).  Complex Bayesian hierarchical 

models can take hours to days to accurately estimate model parameter values (Gelman 

and Hill 2007).  These disadvantages raise a question as to the practical utility of 

complex Bayesian hierarchical models to address ecological questions (Hodges 2010; 

LaDeau 2010).  There has been little in the way of comparative analysis of complex 

Bayesian hierarchical models with more simple approaches that ecologists have been 

using for some time (but see Latimer et al. 2006).  It may be more sensible for 

ecologists to use more simple, familiar methods coupled with sound experimental 

design (Downes 2010).   
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1.3 Aims and outline of thesis 

The principal aim of this thesis is to investigate the use of hierarchical Bayesian 

statistical methods for applied river ecology and management.  The additional 

flexibility of Bayesian hierarchical models can result in such a large number of 

parameters along with greater complexity that in some cases their practical utility has 

been questioned (e.g. Hodges 2010).  Therefore, an initial aim of this thesis is to 

examine whether Bayesian hierarchical models offer improved prediction and 

description of multiscale species-environment relationships compared with single 

level model structures.  The integration of landscape ecology and a multiscale, 

hierarchical approach to stream ecology has led to the development of conceptual 

models describing how the distribution and abundance of stream organisms may be 

regulated by a hierarchy of environmental factors.  More recently this has been 

complimented by the developments of metacommunity research in riverine 

landscapes.  An additional aim of this thesis is to investigate the capacity for Bayesian 

hierarchical models to contribute to these two approaches to river ecology.  Finally, 

the potential for Bayesian methods in guiding river management is investigated. 

This thesis is structured as follows:  Chapter 2 describes the location of the study 

region and a description of the datasets used for analysis in the thesis.  This includes a 

description of the data collection methods and a brief description of the climate and 

hydrology of the rivers under study. 

Chapter 3 is a comparative analysis of the performance of Bayesian hierarchical and 

single level models when quantifying how stream fish species distributions and 

abundances are influenced by a hierarchy of environmental factors operating at 

multiple spatial and temporal scales.  In this chapter I develop three different model 

structures for three different fish species.  Predictor variables are kept constant for 

each fish species across all models to ensure that the only difference among the 

models is the mathematical structure of each one.  I examine the change in predictive 

and descriptive performance of each model with several measures of model 

performance.  The principal goal of this chapter is to determine whether the additional 
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effort required to fit a Bayesian hierarchical model is offset by improved model 

performance. 

Chapter 4 examines the potential for Bayesian hierarchical methods to advance the 

landscape approach to river ecology.  In this chapter I develop a complex Bayesian 

hierarchical model using the four themes of landscape ecology, outlined in 1.1.1.1 

above, as a guide to model development.  The mathematical structure of the model is 

such that there are model parameters that quantify the importance of scale, patch 

quality, patch context and the extent of connectivity for a single fish species across the 

riverine landscape. 

In Chapter 5 I apply the same model from Chapter 4 to a suite of stream fish species 

to explore possible metacommunity models evident among the fish assemblages in the 

study region.  Since metacommunity ecology considers the extent and nature of 

species’ dispersal across the landscape, the movement traits of different species may 

potentially influence the apparent metacommunity model in a fish assemblage.  As 

such, in this chapter I examined the potential metacommunity structure in terms of 

species’ mobility.  Each species was classified as either sedentary or mobile according 

to movement traits reported in the literature and species’ relationships to spatial and 

temporal environmental variation were pooled together in each group. 

In Chapter 6 I examine the utility of Bayesian methods to assist with river 

management decision making.  Anthropogenic impacts on riverine landscapes are 

often hierarchical in nature with many types of alterations to the riverine landscape 

having cascading impacts both up and down the riverine hierarchy.  It is also rare that 

such impacts occur in isolation meaning there may be many possible restoration or 

management interventions available to river managers with a limited budget available.  

In this chapter I develop Bayesian decision networks (BDN) which incorporates 

relative cost and benefit information of available management interventions and 

probable ecological outcomes.  These models are developed to prioritise stream 

restoration for two specific management goals, the maintenance of healthy dissolved 

oxygen levels and management of the excessive growth of aquatic macrophytes in 

degraded streams.   
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Chapter 7 summarises the findings of this thesis and discusses the implications of the 

results for landscape and metacommunity ecology, as well as river ecology and 

management.  
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Chapter 2: Study region and datasets 
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2.1 Background 

Two different datasets were used to answer specific questions relevant to landscape 

ecology and river management.  Data collected to quantify fish species’ distribution 

and abundances were used to fit Bayesian hierarchical models for landscape ecology 

(Pusey et al. 2004; Kennard et al. 2006b).  Data collected to quantify abiotic 

relationships driving aquatic macrophyte cover were used to develop Bayesian 

networks for river management (Mackay 2007).   

 

2.2 Study Area    

The study area was confined to coastal catchments of South-East Queensland, 

Australia.  South-East Queensland has a population of around 3 million people, the 

majority whom live in the major urban centre of Brisbane (Queensland Treasury 

2010).  Historically the uplands of the region were dominated by wet sclerophyll 

forests and large areas of sub-tropical rainforest with lowlands dominated by dry-

sclerophyll forests and coastal ‘wallum’ (Banksia heathlands).  Today, much of the 

region has been cleared for grazing or intensive agriculture (Kennard et al. 2005; 

Kennard et al. 2006a), however, many relatively undisturbed reaches of river remain 

(Kennard 2005; Kennard et al. 2006a).  Typically, rivers in this region have well 

defined riffle-run-pool sequences with diverse substrate composition in the mid to 

upper reaches, while lowland reaches tend to have long deep slow flowing reaches.  

Lowland reaches are dominated by sandy substrates, often to the point of being sand 

slugged, with occasional large riffles (Kennard 2005). 

 

2.3 Climate and hydrology 

The climate of South East Queensland is transitional between subtropical and 

temperate (Bridgewater 1987). Temperature variation is strongly seasonal and rainfall 

is mainly driven by the summer monsoon with occasional northward incursions of 

temperate weather systems (Pusey et al. 1993; Pusey et al. 2004).  Consequently the 

summer monsoon coincides with a peak in streamflow across the region between 
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January and March, with early winter rains from the south often bringing a secondary 

peak in discharge (Pusey et al. 1993).  However, both peaks in discharge are 

unpredictable and many rivers in the region have highly variable annual discharge 

(Pusey et al. 2000b).  Rivers from South-East Queensland have been classified as 

having unpredictably intermittent hydrology (Kennard et al. 2010), however, the Mary 

and Albert Rivers have more stable base flows than other rivers in the region (Pusey 

et al. 2000b).  Variability in discharge is higher during the summer months than mid-

winter and spring when flows are usually low and stable (Pusey et al. 1993; Pusey et 

al. 2000b).  Extended periods of low flows are most common during spring and 

summer before the monsoonal rains, however, they can occur at any time of the year 

(Pusey et al. 1993).  During such dry periods, it is common for some tributary streams 

to cease to flow creating disconnected pools surrounded by dry stream bed (Pusey et 

al. 1993; Pusey et al. 2000b; Pusey et al. 2004). 

 

2.4 Biological and Environmental Datasets 

2.4.1 Background 

To investigate the multiscale abiotic relationships that may be related to species’ 

distribution and abundance and develop models for river management, data across 

several spatial and temporal scales must be considered.  The biological and 

environmental datasets used in this study have been previously collected by 

researchers at the Australian Rivers Institute at Griffith University (Kennard 2005; 

Kennard et al. 2006b; Mackay 2007).  Data describing spatial and temporal variation 

in fish distribution and abundance were used to address the comparative performance 

of Bayesian hierarchical models and develop models for landscape and 

metacommunity ecology (Kennard 2005; Kennard et al. 2006b).  The application of 

Bayesian networks to river management problems was investigated using data 

describing the excessive growth of aquatic macrophytes in stream reaches under flow 

regulation (Mackay 2007). 
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2.4.2 Fish distribution and abundance 

Fish species distribution and abundance data were collected in the Mary and Albert 

Rivers.  Study locations were selected to represent the least disturbed reaches 

available, whilst also ensuring that such sampling reaches were arrayed sufficiently 

widely throughout each catchment to encompass as much of the biological and 

environmental variation as possible.  Sampling was limited to wadeable river reaches 

that could be sampled efficiently using backpack electrofishing (i.e. generally less 

than 1.5 m maximum depth).  Fish and habitat sampling was conducted with the 

intention of characterising as much of the environmental and biological variation 

possible in each selected stream reach within the hierarchical organisation of habitats 

characteristic of river networks.  Two or three contiguous hydraulic habitat units (i.e. 

riffles, runs and pools) were sampled in each reach in order to encompass this 

variation.   Sampling reaches were typically between 70-80 m in stream length except 

after extended dry periods when surface waters occasionally contracted to shorter 

isolated pools or dried up completely.  A total of 17 locations were sampled in the 

Mary River and 11 sites in the Albert River, three times per year (January-February, 

May-June and September-October), between winter 1994 and winter 1997 (Figure 

2-1) and encompassed a wide range of hydrological conditions.  The sampled reach 

length varied among sampling reaches but was kept constant through time at location.  

Temporal variation in discharge and the resultant changes in wetted width meant the 

sampled area at all reaches varied through time.   
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Figure 2-1:  Map of South-East Queensland showing study sites in the Mary and Albert Rivers which were 
sampled to quantify fish species’ distribution and abundances 

 

 

2.4.2.1 Sampling of Fish Assemblages 

The fish assemblage at each site was intensively sampled using the procedures 

detailed in Pusey et al. (1998).  Individual hydraulic units (i.e. riffles, runs or pools) 

within each sampling reach were sampled separately.  Each hydraulic unit was 

blocked upstream and downstream with weighted seine nets (11 mm stretched-mesh) 

to prevent fish movement into or out of the study area (Figure 2-2).  The reach was 

sampled using a combination of repeated pass electrofishing (Smith-Root model 12B 

Backpack Electroshocker) and supplementary seine netting until few or no further fish 

were collected (usually four electrofishing passes and two seine hauls were required 

to collect all fish present).  The intensive sampling regime described here has been 

demonstrated to provide accurate estimates of species composition and abundances at 

wadeable stream reaches (Pusey et al., 1998; Kennard et al 2006).  All fish collected 

were identified to species and counted.  Native fish were returned alive to the point of 

capture.  Alien fish were euthanased (using benzocaine - MS222), and not returned to 

the water (in accordance with the Queensland Fisheries Act, 1994).   
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Figure 2-2:  A schematic of the sampling design at a sampling reach. 28 reaches across the Mary River (17 
reaches) and the Albert River (11 reaches) were sampled up to ten times each.  Nested within the reaches 
were up to three contiguous habitat units that were sampled separately on each occasion. 

 

2.4.2.2 Estimation of Environmental Variables. 

A range of landscape and local scale habitat variables were estimated for each 

sampling reach according to a standard protocol described in Pusey et al. (2004).  

Landscape scale descriptors, such as elevation, for each site were estimated from 

1:100,000 topographic maps using a digital planimeter or from Geographical 

Information Systems databases.  Wetted stream width, mean water velocity and total 

water depth were measured at a series of points located randomly throughout the 

reach.  Usually 40-60 random points were surveyed within each river reach.  The 

percent coverage of submerged microhabitat structures such as aquatic macrophytes, 

filamentous algae, leaf litter, submerged vegetation (mainly grasses), emergent 

vegetation, submerged overhanging vegetation, and the frequency of occurrence of 

large (>20 cm diameter) and small (1 cm <diameter< 20 cm) woody debris structures 

were estimated at each survey point.  Average values of depth and velocity, and 

average proportion of mean wetted site area of microhabitat structures were then 

calculated for each habitat unit and reach. 
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2.4.2.3 Hydrologic Data 

Daily flow records for each site were derived from the IQQM models (Simons et al. 

1996) for each of the Mary and Albert Rivers based on twenty-five years of daily flow 

data (1974 – 1997) from multiple gauging stations.  Generally IQQM models have 

performed well in simulating stream discharge, however, such data may be subject to 

error.  A calibration study of an IQQM model for the Murrumbidgee River in New 

South Wales showed slight underestimation of extreme high flows and some 

overestimation of extended low flows (Gilmore 2008).  Despite these limitations, 

model simulated data such as this are a reliable tool for hydrologic studies (Hameed 

and Podger 2001).  Furthermore, in the present study all sampling reaches were 

located within 20km of gauges used for calibration of the IQQM thereby reducing 

likely model errors in this case (Kennard et al. 2007).  All flow data was supplied by 

the Queensland Department of Natural Resources, Mines and Energy (QNRME).  

Descriptors of spatial and temporal flow variation were then derived for each 

sampling reach using the River Analysis Package (Marsh et al. 2003).  Details of 

hydrologic indices used for analysis are provided in the relevant chapters.    

2.4.3 Aquatic macrophyte cover in regulated and unregulated stream 

reaches 

Controlling excessive growth of aquatic macrophytes in regulated river reaches is a 

common issue for river managers (Dunderdale and Morris 1996; Bunn et al. 1998; 

Sosiak 2002).  This problem provided the basis for the investigation into the utility of 

Bayesian decision networks for river restoration decision making (Chapter 6).  Data 

investigating the impact of river regulation on macrophyte growth were obtained from 

macrophyte surveys conducted at 19 locations (32 sites) in regulated and non-

regulated river systems in southeast Queensland, Australia (Pusey et al. 2004; Mackay 

2007).  Sixteen of the 32 sites were regulated directly by dams or weirs.  The regulated 

reaches were located downstream of Wivenhoe Dam on the Brisbane River Borumba 

Dam on Yabba Creek (in the Mary River catchment) and Wappa Dam on the South 

Maroochy River (Figure 2-3).  All sites were surveyed on two occasions (November 

2003 and February–March 2004).  Each site was an individual hydraulic unit (riffle, 

run, pool) varying in length from 20–40 m.  Macrophyte cover was estimated in 10 
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randomly positioned belt transects (1 m wide) at each site as a proportion of the 

substrate covered by macrophytes.  Macrophyte cover exceeded 100% when multiple 

layers of macrophyte growth occurred within a transect.  The wetted width of each 

transect was measured to the nearest 0.1 m with a tape. Riparian canopy cover was 

estimated using a spherical densitometer (Lemmon 1956).  Three measurements were 

taken at equally spaced points on each belt transect.  Turbidity was recorded in situ 

with a TPS WP89 data logger and TPS 125192 turbidity probe (three measurements 

per site, recorded in NTUs).  Discharge data were supplied by the Queensland 

Department of Natural Resources and Water (QDNRW).  A full description of data 

collection methods is outlined in Mackay (2007).   
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Figure 2-3:  The location of sampling locations for aquatic macrophyte cover in South-East Queensland.  
Reproduced with permission from Mackay (2007). 
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2.5 Multiscale sampling and conceptual models 

Each of the biological and environmental datasets used in this thesis consist of 

information at multiple spatial and temporal scales.  Such sampling designs fit in with 

the hierarchical conceptual models and themes from the landscape approach to river 

ecology (Figure 2-4).  The use of multiscale datasets that are consistent with the 

conceptual models that underpin much of the landscape approach to river ecology 

helps to ensure that current ecological knowledge is incorporated into the modelling 

process.   

 

 

Figure 2-4:  Conceptual diagram showing the overlap of the hierarchical filters influencing local-scale 
assemblage composition (Poff 1997) and four of the six themes of landscape ecology (Wiens 2002) with the 
scales of response and predictor variables in the biological and environmental datasets used in this thesis.   
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Chapter 3: Quantifying species-environment relationships: a 

comparison of Bayesian single-level and hierarchical 

regression models 
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3.1 Introduction 

 

A major research objective that is common to the fields of landscape and 

metacommunity ecology is to identify key biotic and abiotic determinants of species’ 

distribution and abundance across multiple spatial and temporal scales (Wiens et al. 

1993; Fausch et al. 2002; Leibold et al. 2004).  Of particular interest is whether local-

scale assemblage structure is more strongly influenced by large-scale environmental 

phenomena (e.g. climate, flow regime) or fine-scale characteristics such as instream 

hydraulics or structural habitat (Cottenie and De Meester 2004; Lowe et al. 2006; 

Driscoll 2007).  In the landscape approach to stream ecology these questions can be 

framed as the importance of patch quality and patch context, which refer to the local-

scale conditions of a habitat patch and the large-scale environmental conditions 

surrounding the patch respectively (Wiens 2002).  In the metacommunity approach 

such questions are examined in terms of the dominant model of community 

organisation, such as species sorting where species sort into distinct communities 

according to environmental conditions, or mass effects where species migration and 

dispersal are the dominant structuring force for community assembly (Leibold et al. 

2004; Holyoak et al. 2005; Chapter 1).  Both conceptual approaches often rely on 

correlations between multiscale ecologically relevant abiotic variables and species’ 

distributions and abundances to infer ecological processes from pattern (e.g. Cottenie 

2005; Kennard et al. 2007; Brown and Swan 2010).  The data used to quantify such 

multiscale relationships are often hierarchically structured where predictor variables 

show variation at different scales (Gelman et al. 2004) and are commonly found in 

studies of riverine landscapes (Parsons et al. 2004).   

To quantify multiscale species-environment relationships accurately and understand 

the underlying mechanisms for these relationships, it is imperative to collect data 

according to a sound conceptual model and use statistical methods that accurately 

reflect the resulting structure of the data (Austin 2002).  Bayesian hierarchical models 

have been proposed as a suitable approach for multiscale ecological analysis using 

hierarchically structured data (Clark 2005; Clark and Gelfand 2006a; Webb et al. 

2010).  Hierarchical models generally consist of many more parameters than single 

level models (Clark 2005) providing the opportunity to model much more complex 
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relationships than single level models (e.g. Dorazio et al. 2010; Heisey et al. 2010b).  

However, the additional parameters associated with such models may lead to a 

problem of overfitting where there are too many parameters given the number of 

observations (Babyak 2004; Rushton et al. 2004).  This results in a model which fits 

the dataset very well but predicts new or unobserved data poorly (Babyak 2004).  In 

effect the model is not reflective of the processes governing the population from 

which the data were collected.  Further, the use of Bayesian methods generally 

requires a more thorough understanding of the systematic and stochastic components 

of the statistical model of choice due to the need to specify the appropriate likelihood 

and prior distributions for parameters in the model (Ellison 2004).   

With more and more complex statistical models appearing in the literature (e.g. Diez 

and Pulliam 2007; Latimer et al. 2009; Dorazio et al. 2010; Heisey et al. 2010b) some 

ecologists have questioned the drive to embrace this additional complexity (Downes 

2010; Hodges 2010).  A question for applied ecologists is whether the additional 

complications of fitting Bayesian hierarchical models are offset by the potential 

advantages for multiscale data analysis (LaDeau 2010).  The aim of this chapter is to 

compare hierarchical models and single level model structures, both estimated in the 

Bayesian framework to quantify multi-scale species-environment relationships.  To do 

this I developed species abundance models for three freshwater fish species from 

South-East Queensland, Australia.  Two single level generalised linear models (GLM) 

are contrasted with a hierarchical model that more closely reflects the hierarchical 

structure of the data.  I compare the models in terms of their ability to accurately 

quantify the multi-scale influence of environmental and hydrological features of the 

riverine landscape on spatial and temporal variation in the distribution and abundance 

of three fish species.  Specifically this chapter aims to answer two research questions:   

1. Can hierarchical models describe ecological relationships in a multiscale dataset 

more accurately than equivalent single level models? 

2.  Can hierarchical models perform better than equivalent single level models for the 

prediction of unobserved data? 

I hypothesise that the hierarchical model will have greater explanatory and predictive 

capacity than equivalent single-level regression models when quantifying any 

multiscale species-environment relationships. 
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3.2 Methods 

3.2.1 Freshwater fish and environmental data 

The data used for this chapter come from the Mary River, South-East Queensland, 

Australia as outlined in Chapter 2 (Kennard et al. 2006b).  Seventeen reaches were 

sampled through time on either 10 occasions (15 locations) or nine occasions (two 

locations) between 1994 and 1997.  Data were aggregated to the reach level resulting 

in 168 observations (Figure 3-1).  Species’ abundances were summed across habitat 

units to give the total abundance at the entire reach.  Local-scale environmental 

variables that vary in space and time, such as water depth, were calculated within each 

habitat unit and then averaged across the entire reach to give the average depth for the 

sampling reach.   

 

 

Figure 3-1:  Schematic of local-scale scale sampling at the habitat unit level and data aggregation to the 
reach level (Modified from Chapter 2).   
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3.2.2 Statistical modelling 

To assess the performance of hierarchical models three different model structures of 

increasing complexity were fitted to the spatial and temporal abundance of 

Melanotaenia duboulayi, a small bodied sedentary species, Anguilla reinhardtii, a 

large bodied mobile species and Tandanus tandanus, a large bodied sedentary species.  

I used ecologically meaningful local and landscape-scale predictor variables for each 

species (Table 3-1) that were selected from a larger number of candidate variables.  

These predictor variables were selected based on the species’ known life history traits 

and habitat preferences for feeding and refuge based on previous research in the study 

region (Pusey et al. 2004; Kennard et al. 2006a; Kennard et al. 2007; Stewart-Koster 

et al. 2007).  Different predictor variables were chosen for each species, however, the 

same variables were used for all model structures to ensure differences in model 

performance were related to model structure rather than the predictor variables 

themselves.  To quantify cross-scale interactions in the single level models, I created a 

set of composite variables being the product of distance to river mouth and each local-

scale predictor variable in the model.  I used untransformed species abundances (i.e. 

count data) as the response variable in each model necessitating a GLM with Poisson 

distribution and the log link function (Gelman et al. 2004).  The model structures 

include a relatively simple single level Poisson GLM, an adjusted single level Poisson 

GLM and a three level hierarchical Poisson GLM.  Using the Poisson distribution in 

cases where sampling area varies among sampling occasions can result in biased 

parameter estimates (Wyatt 2002).  Given the spatial and temporal variation in 

sampled area, I included this variable, AREA, as either a predictor variable or to 

standardise the expected counts depending on the model structure (see below).   
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Table 3-1: The environmental variables used as model predictor variables for each species (indicated with a 
tick).  For each species, the same set of predictor variables were used for all three model structures. 

Variable Definition Scale M. dub T. tan A. rei 

AREA Total sampled area of reach Local    

PLANTS % reach area covered by plants Local    

RMASS % of stream bank covered by root masses Local    

AVD Average depth across reach Local    

AVL Average water velocity across reach Local    

MDF Mean daily flow 4 months before sampling Local    

CVD CV of daily flow of prior spring/summer Local    

DISTM Distance of reach to river mouth Landscape    

Composite interaction variables     

DISTM × PLANTS Cross-scale    

DISTM × RMASS Cross-scale    

DISTM × AVD Cross-scale    

DISTM × AVL Cross-scale    

DISTM × MDF Cross-scale    

DISTM × CVD Cross-scale    

  

 

3.2.2.1 Model 1 – single level Bayesian Poisson regression model 

The first model is a standard Poisson GLM estimated in the Bayesian framework.  It 

is a single level model that assumes the relationships between fish abundance and 

each predictor variable is the same across all reaches.  As such the observed count on 

the ith sampling occasion, yi, is assumed to be derived from a Poisson distribution 

with mean λi.  The log link function is used to relate linearly the expected value of the 

ith observation, λi, to a set of covariates, Xk (McCullagh and Nelder 1989).   

 

0 1 1 2 2

~ ( ) (3-1)
log( ) (3-2)

i i

i k k

y Poisson
X X X

λ
λ β β β β= + + + +
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Where kβ describes the relationship between species abundance and the kth predictor 

variable.  Being a single level model, all predictor variables including sampling area, 

distance to mouth and the composite interaction variables, are used in the X matrix 

meaning all regression coefficients are estimated at the River level of the hierarchy 

(Figure 3-2). 

3.2.2.2 Model 2 – adjusted single level Bayesian Poisson regression 

model 

The second model is similar to the first in that it assumes the relationships between 

fish counts and habitat descriptors are the same across all study reaches.  However, 

species counts are adjusted according to sampled reach areas, where sampling area is 

used to standardise counts to a density while maintaining the Poisson distribution 

ensuring non-negative expected values (Wyatt 2002).   

0 1 1 2 2

~ ( ) (3-3)
AREA /10 (3-4)

log( ) .... (3-5)

i i

i i i

i k k

y Poisson

X X X

λ
λ µ

µ β β β β
= ×

= + +

 

However, now the expected count for the ith observation, λi, is assumed to be derived 

from some underlying density of individuals per ten square metres of sampled stream 

area, μi (sensu Wyatt 2002).  The landscape level variable, distance to mouth and the 

composite interaction variables are again used as one of the k predictor variables in 

the X matrix equivalent to the local-scale predictor variables meaning regression 

coefficients are estimated at the River level of the hierarchy (Figure 3-2).   

For Model 1 and Model 2 Normal prior distributions are used for the regression 

coefficients, kβ and Gamma distributions for the precision parameters, kτ . 

 

1 2

~ (0, ) (3-6)
~ ( , ) (3-7)

k k

k

N
Gamma

β τ
τ α α  

 

Where, kτ is the precision of the Normal distribution (1/variance) and 1α and 2α are 

prior distribution parameters. 
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3.2.2.3 Model 3 – Three level hierarchical Poisson regression model 

This model extends Model 2 by allowing species-habitat relationships to vary among 

sampling reaches (evident by the addition of subscript i for each β) with these 

relationships potentially dependent on the landscape-scale predictor variable, distance 

to mouth.  Accordingly, the observed species counts, yij are indexed as count at the ith 

reach on the jth sampling trip.  As with Model 2 observed count is assumed to be 

derived from some underlying density of individuals per ten square metres of sampled 

stream area, μij (sensu Wyatt 2002).  

0 1 1 2 2

~ ( ) (3-8)

AREA /10 (3-9)

log( ) ... (3-10)

~ ( , ) (3-11)

ij ij

ij ij ij

ij i i ij i ij ki kij

ki ki k
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X X X
N

λ

λ µ

µ β β β β

β ϕ τ

= ×

= + +
 

Where βki is the relationship between the natural log of the species density and the kth 

local-scale variable at the ith reach and τk is once again the precision of the normal 

distribution from which βki is drawn. 

There is another level to the hierarchy in this model to quantify any systematic 

variation in local-scale species-environment relationships, βki, according to the 

landscape-scale predictor variable, distance to mouth (Z1i).  These coefficients are 

assumed to be normally distributed, with mean, φki, estimated by the landscape level 

regression:  

0 1 1

1 2

(3-12)
~ (0, ) (3-13)

~ ( , ) (3-14)
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ϕ γ γ
γ τ
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This model is hierarchical in nature as it models species-environment relationships at 

the landscape-scale and the local-scale whereas Models 1 and 2 do not.  This accounts 

for the cross-scale interactions via the model structure rather than the composite 

interaction variables used in the first two models.  The local-scale regression 

coefficients, kiβ , quantify the estimated effect of the given local-scale predictor 

variable Xkij, on fish density at each sampling reach.  At the river level of the model, 

the slope terms in the model, 1kγ , quantify the estimated effect of the landscape-scale 

explanatory variable, distance to mouth, on the relationship between the response and 
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the local-scale predictor variables; the cross-scale interaction (Figure 3-2).  Where the 

slope term of the landscape-scale regression, 1kγ , is effectively zero, the intercept 

term, 0kγ , quantifies the average effect of the kth local-scale variable on species 

abundance across the catchment.   

To assess the importance of the relationships in the models I calculated a Bayesian “p-

value” as the minimum of the probability that each coefficient is either greater than or 

less than zero, { }* min Pr( 0), Pr( 0)lk lkp γ γ= < > .  While not a tool used in traditional 

Bayesian analysis, this value does give an insight into whether a relationship is 

statistically important using the posterior distribution of the parameter (e.g. Boone et 

al. 2009).  Being the minimum of the probability, this p-value is interpreted as the 

probability that there is no relationship between species’ abundance and the given 

predictor variable, similarly to the frequentist p-value. 
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Figure 3-2:  Schematic of the structure of all three models showing the hierarchical structure of Model 3 
where local-scale regression coefficients, βki, are estimated at the Reach level of the hierarchy with these 
relationships related to landscape-scale coefficients, γlk, estimated at the River level of the hierarchy.  In 
Models 1 and 2 all regression coefficients are estimated at the River level.  The parameters τl, reflect the 
uncertainty surrounding the β coefficients which is estimated at the River level and α1 and α2 are the 
hyperparameters for the prior distribution of τl.  See model descriptions for more details.   
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3.2.3 Model comparisons 

To compare each model I assessed the goodness of fit for each species by fitting the 

models with all of the observations in the dataset.  To assess the predictive 

performance of each model I used a cross validation approach using a series of 

training datasets made up of subsets of the data to fit the models and then predict the 

test observations held out from model fitting. 

Model fit using all observations was quantified using the Deviance Information 

Criterion (DIC) which is estimated within OpenBUGS (Spiegelhalter et al. 2002).  

The DIC is a dimensionless information criterion that assesses the goodness of fit of a 

model trading off against model complexity measured by the effective number of 

parameters, (Spiegelhalter et al. 2002).  The effective number of parameters in a 

model can be less than the actual number of parameters in the model if the local-scale 

relationships are not independent of one another (McCarthy 2007).  Models with a 

lower DIC are deemed to be a better fit to the observed data.  See Spiegelhalter et al. 

(2002) for more details of this criterion.  While not a genuine tool for model selection, 

the coefficient of determination, R2, is a useful quantity to understand the amount of 

variation each model explains.  It is not possible to define the coefficient of 

determination for a Poisson response as the model relationship is between the 

predictor variables and the log link function rather than the response variable 

(McCullagh and Nelder 1989).  Therefore, I estimated a “pseudo-R2” being the square 

of the Spearman’s correlation coefficient of the observed data and the median of the 

posterior distribution of the fitted values for the response variable.      

3.2.3.1 Cross-scale interactions 

To quantify the nature and extent of the cross-scale interactions of the additional 

hierarchical level in Model 3 I calculated two summary measures of fit, a multilevel 

R2 and a pooling factor.  Using the MCMC simulations of the parameters from the 

landscape-scale component of Model 3 it is possible to calculate a Bayesian 

multilevel R2 labelled 2
MR , that describes how much variation in local-scale species-

environment relationships is explained by the landscape-scale regression.  The 

subscript M delineates the multilevel R2 from the pseudo R2.  
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Where kϕ is the hierarchical regression parameter of interest, Vk is the variance 
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 indicates the posterior 

mean, or expected value, of the variance of the landscape-scale model errors, kτ , and 

V k
ijk
ϕ  is the variance of the posterior distribution of the local-scale regression 

parameter (Gelman and Pardoe 2006; Gelman and Hill 2007).  As noted by Gelman 

and Pardoe (2006) this Bayesian R2 and 2
MR  may yield negative values indicating an 

extremely poor fit where the variance in the data is smaller than model error variance.   

The pooling factor indicates the extent that the variance in the errors of the fitted 

values and the reach level (local-scale) parameter estimates in a hierarchical model is 

reduced by “pooling” the data across the sites (Gelman and Pardoe 2006).  A 

parameter with a high pooling factor (>0.5) is one in which the local-scale parameter 

estimates are largely estimated from the data from all sites “pooled” together, drawing 

the local-scale parameter estimates closer to a common population mean.  A low 

pooling factor (<0.5) indicates that each local-scale parameter for a given predictor 

variable is largely estimated from the data at the reach level and shows greater 

between reach variance in local-scale species-environment relationships than within 

reaches (Gelman and Pardoe 2006; Gelman and Hill 2007).  The pooling factor, π, is 

calculated for each parameter by:  
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where ( )EV k
k

ε  is the variance of the posterior mean of the model errors and 

E V k
k
ε 

 
 

 is the posterior mean of the variance of the errors associated with the 

hierarchical regression parameter.   

When interpreted together, the pooling factor and 2
MR  provide an indication of the 

importance of the additional hierarchical level in Model 3 and help to understand the 

nature of any systematic variation in local-scale species-environment relationships.  

Hierarchical relationships with pooling factors less than 0.5 and low 2
MR  values show 

relatively large differences in local-scale parameter estimates across all sampling 

reaches (π <0.5) with little or no systematic variation according to the landscape level 

regression (low 2
MR ).  A high pooling factor coupled with a low 2

MR would indicate 

little systematic variation in local-scale parameter estimates (low 2
MR ) but relatively 

similar parameter estimates across all reaches (π >0.5).  While a high pooling factor 

coupled with a relatively high 2
MR is shown by systematic variation in reach level 

parameter estimates (high 2
MR ) that lie close to the upper level regression (π >0.5) 

(Gelman and Pardoe 2006).  These quantities were calculated in the R statistical 

environment. 

3.2.3.2 Predictive performance  

I assessed the predictive performance of each model with a test and training set 

approach by generating 100 different training and test datasets (Boone et al. in review; 

Appendix B) with two model performance criteria; a χ2 discrepancy test and an 

average predictive correlation.  The average predictive correlation tests the accuracy 

of the systematic component of the model while the χ2 discrepancy test quantifies the 

concordance of the stochastic component of the model with the test data.  Each test set 

was generated by randomly selecting one observation from each sampling reach, 

resulting in 17 observations in the test set and 151 observations in the training set.  

Unique parameter estimates were obtained by refitting the model to each training set 

and using those estimates to predict the observed fish counts in the matching test set.  

The accuracy of model predictive performance was assessed by comparing the 

correlation coefficient (r) of the 17 test observations against the medians of the 
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posterior distributions of the predicted values under the model (hereafter referred to as 

the predicted values), for each test and training set.  I then used the average of the 100 

correlation coefficients,
100

1

1
100 i

i
r r

=

= ∑ , as an indicator of accuracy in model 

predictions.   

The goodness of fit of each model with respect to model variance was assessed with a 

χ2 discrepancy test (Gelman et al. 2004).  
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This measure assesses the fit of the model by comparing the squared difference 

between the observed data and the predicted values with the predictive variance under 

the model.  It identifies whether the variance of the model is too large or too small 

compared to the variance in the test data.  A good fit is indicated where the 

distribution of this ratio across all test sets follows a χ2 distribution with degrees of 

freedom equal to the number of observations in each test set, n=17.  This would mean 

that 95% of χ2 discrepancy measures would lie between 2.5th and 97.5th percentiles 

of 2
17χ distribution, 7.56 and 30.19.  A χ2 discrepancy greater than the 97.5th percentile, 

indicates there is more variation between the observed and predicted values than is 

suggested by the model variance, indicating an overfit model.   A χ2 discrepancy less 

than the 2.5th percentile, indicates that there is less variation between the observed and 

predicted values in the test set than is expected under the model (Boone et al. in 

review; Appendix B).  In both of these cases the variance of the predicted values does 

not accurately reflect the variance in the test data, suggesting poor predictive 

performance with respect to model variance. 

3.2.4 Statistical software 

Markov Chain Monte Carlo sampling for all models was done with the Bayesian 

software, OpenBUGS (Thomas et al. 2006).  OpenBUGS was accessed via the R 

statistical environment (R Development Core Team 2009) using the BRugs library 

(Thomas et al. 2006).  A single chain of 120,000 iterations was run to achieve 

convergence.  This chain was thinned by 10 to reduce autocorrelation within the chain 

and the first 2,000 iterations were discarded as burn in leaving 11800 MCMC samples 
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for parameter estimation.  For all models the hyperparameters 1α and 2α were 

specified as 2 and 0.5 respectively.  

 

3.3 Results 

The first phase of model assessment involved assessing the goodness of fit of each 

model and quantifying the amount of variance explained by each.  There was a 

consistent pattern across all three species in terms of model fit with the three level 

hierarchical model (Model 3) the best fitting model for all species (Table 3-2; Figure 

3-3).  For each species the DIC value for Model 3 was considerably lower than the 

other two models indicating it was the best fitting model in spite of the additional 

parameters in the hierarchical model (Table 3-2).  With the exception of A. 

reinhardtii, the R2 values for the single level models were all relatively low (<0.15), 

however, there was vast improvement with the three level model which had the 

highest pseudo-R2 for each species (Table 3-2; Figure 3-3).  The uncertainty 

surrounding each fitted value appears to increase with Model 3, indicated by the 

larger error bars around each median expected value.  Nonetheless, the accuracy of 

the expected values is greatly improved, indicated by the greater number of expected 

values close to the one to one line (Figure 3-3) corresponding to the higher pseudo-R2 

values (Table 3-2).   

Table 3-2:  Goodness of fit for each model as assessed by the DIC.  The effective number of parameters for 
each model is shown in brackets beside the corresponding DIC measure. The proportion of explained 
variance in the observed abundances is described by the pseudo R2.  Bold text indicates the best fitting 
model, according to the DIC. 

 DIC pseudo R2 

Species Mod 1 Mod 2 Mod 3 Mod 1 Mod 2 Mod 3 

M. duboulayi 8663  (9) 9451  (7.8) 3101 (64.7) 0.13 0.09 0.69 

T. tandanus 1550  (8.93) 1714  (10.15) 1071 (46.1) 0.03 0.07 0.55 

A. reinhardtii 2580 (10.96) 2449 (11.8) 1235 (52.23) 0.33 0.35 0.85 
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Figure 3-3:  Plots of the expected abundances under the model plotted against observed abundances.  Error 
bars shown are the 0.025 and 0.975 percentiles of the MCMC samples for each expected value.  The dashed 
line shows the one to one line of a perfect fitting model.  In each model, n=168. 

 

3.3.1 Cross-scale interactions 

The key difference between single level models such as Models 1 and 2 and 

hierarchical models such as Model 3 is the way the cross-scale interactions are 

defined and quantified.  The coefficients for the composite interaction variables in the 

single level models, being the product of distance to mouth and the respective local-

scale variable, can be interpreted in two ways.  By way of example, the coefficient for 

mean daily flow in Model 2 for A. reinhardtii was -0.36 (MDF, Table 3-3) which 

indicates that for every increase of one standard deviation of mean daily flow there is 
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a corresponding decrease in A. reinhardtii abundance by factor of e-0.36=0.69.  The 

coefficient for the interaction between mean daily flow and distance to mouth was -

0.26 which indicates that with an increase of one standard deviation in distance to 

mouth (62.9 km), -0.26 is added to the mean daily flow coefficient.  Thus the negative 

relationship between abundance and mean daily flow is strengthened with increases in 

distance to mouth.  Equally, an increase of one standard deviation of mean daily flow 

results in an -0.26 being added to the distance to mouth coefficient which was -0.78.  

A plot of the composite variable MDF x DISTM against the log transformed 

abundance illustrates the pattern behind this relationship (Figure 3-4).  It is clear that 

the negative relationship was driven by a small number of points where high 

abundances of A. reinhardtii were correlated with low values of the composite 

interaction variable (Figure 3-4 (a)).  However, the interaction is clearly more 

complex than such a simple linear trend (Figure 3-4 (b)).  The hierarchical structure of 

Model 3 differs quite distinctly from the single level models (Models 1 and 2) in the 

way the model quantifies the same interaction.  It allows each sampling reach to have 

its own relationship to mean daily flow which is then dependent on the distance to the 

river mouth of the reach (Figure 3-5), and the local-scale regression coefficients are 

then related linearly to distance to mouth.  This resulted in the complete opposite 

relationship from that in Model 2, with an increasing interactive effect of distance to 

mouth on the relationship between A. reinhardtii abundance and mean daily flow 

(Table 3-4).  This did not occur for all cross-scale interactions in each model. Some 

displayed similar interaction results, for example the relationship between T. tandanus 

abundance and the interaction between root masses and distance to the river mouth 

was similarly negative in Models 2 and 3 despite the difference in the way each model 

quantifies the cross-scale interaction (Table 3-3).   
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Table 3-3:  Table of regression coefficients for the two single level models showing medians and 95% 
credible intervals for each coefficient.  Note that the sampled area was included as a predictor variable in 
Model 1, however, the same variable is used to standardise abundance to a density measure in Model 2 
(sensu Wyatt 2002).  For each model, n=168. 

  Model 1 Model 2 

  Median 95% CI Median 95% CI 

M. duboulayi Intercept 3.81 (3.77 to 3.85) -0.13 (-0.17 to -0.10) 

AREA -0.03 (-0.06 to -0.01) NA NA 

 AVD 0.16 (0.14 to 0.18) -0.07 (-0.10 to -0.05) 

 MDF -0.15 (-0.27 to -0.03) -0.03 (-0.05 to 0.00) 

 PLANTS -0.14 (-0.17 to -0.12) 0.12 (0.00 to 0.25) 

 DISTM 0.02 (-0.01 to 0.06) 0.10 (0.06 to 0.14) 

DISTM  ×  AVD -0.04 (-0.06 to -0.02) -0.19 (-0.21 to -0.16) 

DISTM  × MDF 0.26 (0.16 to 0.37) 0.10 (0.08 to 0.13) 

DISTM  × PLANTS 0.23 (0.20 to 0.26) 0.75 (0.66 to 0.86) 
      

T. tandanus Intercept 1.96 (1.90 to 2.02) -2.03 (-2.10 to -1.96) 

AREA -0.09 (-0.17 to 0.00) NA NA 

 RMASS 0.07 (0.01 to 0.14) -0.49 (-0.61 to -0.39) 

 AVD -0.12 (-0.20 to -0.05) 0.06 (-0.02 to 0.13) 

 AVD 0.09 (0.02 to 0.15) -0.08 (-0.17 to -0.01) 

 AVL 0.09 (0.02 to 0.16) 0.03 (-0.03 to 0.08) 

DISTM  ×  RMASS 0.00 (-0.07 to 0.06) -0.16 (-0.25 to -0.04) 

DISTM  × AVD 0.06 (-0.01 to 0.15) 0.46 (0.31 to 0.54) 

DISTM  × AVL 0.11 (0.03 to 0.19) 0.01 (-0.05 to 0.08) 
      

A. reinhardtii Intercept 1.00 (0.96 to 1.04) -2.08 (-2.15 to -1.99) 

AREA 0.75 (0.71 to 0.79) NA NA 

 MDF 0.02 (-0.10 to 0.13) -0.36 (-0.84 to -0.70) 

 AVD -0.17 (-0.25 to -0.09) -0.15 (-0.22 to -0.05) 

 CVD 0.11 (0.06 to 0.16) 0.06 (0.01 to 0.14) 

 AVL 0.44 (0.38 to 0.50) 0.38 (0.30 to 0.47) 

 DISTM -0.51 (-0.57 to -0.44) -0.78 (-0.34 to -0.04) 

DISTM  ×  MDF 0.12 (0.03 to 0.20) -0.26 (-0.46 to -0.05) 

DISTM  × AVD 0.45 (0.36 to 0.53) 0.48 (0.41 to 0.55) 

DISTM  × CVD -0.13 (-0.17 to -0.09) -0.09 (-0.13 to -0.06) 

DISTM  × AVL 0.05 (-0.01 to 0.11) -0.02 (-0.09 to 0.04) 
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Figure 3-4:  Plots of the relationship between log transformed abundance of A. reinhardtii and the composite 
variable describing the interaction effect of DISTM and MDF, along the full gradient of the composite 
variable (a) and the upper end of the gradient (b) identified by the dashed box in (a).  The same line of best 
fit is shown on either plot. 
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Figure 3-5:  Local-scale relationships between MDF and abundance of A. reinhardtii at each sampling reach 
with the distance to the river mouth (DISTM) displayed in each plot.   
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Table 3-4:  Hierarchical Regression parameters, liγ  from Model 3, 0 1 1
ˆ

ki k k iZβ γ γ= + .  Estimates shown are the median of the posterior distribution of each regression parameter 
with the 95% credible interval in brackets.  Parameter estimates in the slope column describe the relationship between the local-scale regression coefficients and the landscape level 
predictor, DISTM, and are the slopes of the regression lines in Figure 3-6.  The Bayesian “p-value” of each hierarchical regression parameter is also shown, 

{ }* min Pr( 0), Pr( 0)lk lkp γ γ= < > .  This p-value is interpreted as the probability of no relationship existing between species’ abundance and the given predictor variable.  Bolded text 

indicates the hierarchical regression relationships shown in Figure 3-6. 

Species Variable Intercept ( )0kγ  p* Slope  ( )1kγ  p* 

M. duboulayi INT. 1.57 (0.82 to 2.4) 0 0.65 (-0.14 to 1.5) 0.06 

 AVD -0.21 (-0.54 to 0.12) 0.1 0 (-0.33 to 0.36) 0.51 

 PLANTS 0.07 (-0.35 to 0.48) 0.36 0.15 (-0.27 to 0.58) 0.23 

 MDF 0.43 (-1.58 to 2.69) 0.33 0.97 (-1.15 to 3.34) 0.18 

T. tandanus INT. -2.16 (-2.83 to -1.54) 0 0.38 (-0.28 to 1.08) 0.12 

 AVD -0.38 (-0.73 to -0.04) 0.01 0.05 (-0.33 to 0.43) 0.41 

 AVL 0.1 (-0.21 to 0.41) 0.26 0.17 (-0.17 to 0.53) 0.17 

 RMASS 0.21 (-0.03 to 0.47) 0.04 -0.15 (-0.42 to 0.11) 0.12 

A. reinhardtii INT. -2.02 (-2.55 to -1.52) 0 -0.3 (-0.79 to 0.22) 0.12 

 MDF 1.21 (0.09 to 2.33) 0.02 0.78 (-0.21 to 1.73) 0.06 

 AVD -0.46 (-0.84 to -0.04) 0.02 0.21 (-0.23 to 0.59) 0.16 

 CVD 0.16 (-0.03 to 0.36) 0.06 -0.05 (-0.24 to 0.14) 0.28 

 AVL 0.21 (-0.13 to 0.57) 0.12 -0.16 (-0.52 to 0.19) 0.18 



 

 57 

The hierarchical regression coefficients from Model 3, lkγ , indicate a series of 

complex cross-scale interactions in all species that the single level structures of 

Models 1 and 2 were not able to identify.  There was strong evidence of relationships 

between the landscape-scale variable and some local-scale species-environment 

relationships as well as species’ abundances (the Slope column of Table 3-4).  For 

example, the value of p* for the relationship between the response of M. duboulayi to 

average depth and distance to the river mouth is 0.51, suggesting any spatial variation 

in the relationship of M. duboulayi due to depth was unlikely to be related to distance 

to mouth.  However, the Bayesian p-value for a catchment wide relationship between 

M. duboulayi and average depth shows a greater probability of a relationship being 

present, p* = 0.1.  The median of the posterior for this relationship is -0.21 which is 

interpreted as an expectation of 0.21 0.81e− =  fewer individuals with every increase of 

one standard deviation in average depth.  The p-values associated with a catchment 

wide relationship between M. duboulayi and plant cover and mean daily flow are only 

0.36 and 0.33 respectively with the p-value of the reach-level relationships being 

mediated by distance to mouth being 0.23 and 0.18.  There is a very high probability 

of a negative catchment wide relationship with a median of 0.38, between T. tandanus 

and average depth, p* = 0.01.  This local-scale relationship was unlikely to be 

mediated by distance to the river mouth (p* = 0.41).  There is a relatively high 

probability of a relationship between distance to mouth and the response of T. 

tandanus to root masses, p* = 0.12, however, there is a much greater probability of a 

positive catchment wide association of T. tandanus with root masses, p* = 0.04.  For 

A. reinhardtii the p-values for the intercept coefficients suggested high probability of 

catchment wide relationships with mean daily flow, average depth and CV of daily 

flow in the prior spring/summer.  There was also a high probability, p* = 0.06, that 

the relationship with mean daily flow depends on the distance to the river mouth.  The 

slope parameter for mean daily flow has a median of 0.78 meaning the relationship 

between A. reinhardtii abundance and temporal variation in mean daily flow 

increased by 0.78 2.18e =  with every increase of one standard deviation of distance to 

the river mouth (62.9 km).  The slope parameters for INT. have a reasonably high 

probability of a relationship between species abundance and distance to the river 

mouth, p* = 0.06, 0.12 and 0.12 for M. duboulayi, T. tandanus and A. reinhardtii 

respectively. 
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Together with the pooling factors, the 2
MR values summarise the landscape-scale 

regressions that quantify the cross-scale interactions of Model 3, as well as the direct 

relationship between abundance and distance to river mouth.  The 2
MR for the intercept 

(INT. column of Table 3-5) for M. duboulayi indicated that 11% of the variation in 

mean abundance of M. duboulayi was explained by the landscape-scale regression 

( 2
MR = 0.11).  This relationship was weaker for T. tandanus and A. reinhardtii with 

2
MR values of 0.03 and 0.08 respectively.  The variation in the local-scale species-

environment relationship between A. reinhardtii and mean daily flow across the 

catchment showed a reasonably strong relationship to the landscape-scale predictor 

variable DISTM ( 2
MR = 0.66; Table 3-5; Figure 3-6(f)).  There were weaker 

hierarchical relationships between DISTM and the response of T. tandanus to water 

velocity ( 2
MR = 0.19;  Table 3-5; Figure 3-6(c)), and root masses ( 2

MR = 0.14; Table 

3-5; Figure 3-6(d)).  All other 2
MR values were very low suggesting little or no 

systematic variation in local species-habitat responses due to changes in distance to 

river mouth (Table 3-5; Figure 3-6(a), (b) and (e)).  With the exception of M. 

duboulayi, pooling factors were all relatively high with many > 0.5 suggesting a large 

amount of information was shared across reaches in estimating regression parameters 

describing local-scale species-environment relationships for the other two species.  

These results suggest that the local-scale abundance of T. tandanus and A. reinhardtii 

are related to the cross-scale interactions between the landscape-scale variable, 

distance to the river mouth and local-scale abiotic conditions such as instream water 

velocity, root masses and the recent flow history.  There appears to be reasonably 

large spatial variation in the relationships between abundance of M. duboulayi and the 

recent flow history and instream plants, however, this does not appear related to 

distance to the river mouth.   
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Table 3-5:  2
MR and pooling factor for each set of parameters in Model 3.  The 2

MR values indicate the 
proportion of variance in species response to local-scale variables that could be explained by the landscape 
level regression. 2

MR for the intercept (INT.) indicates how much variation in mean species abundance at 
sampling reaches is explained by the landscape-scale regression.  Note that these values can be negative 
where the fit of the landscape-scale model is poor (Gelman and Pardoe 2006).  The pooling factor indicates 
the extent that the variance in reach level regression coefficients was reduced by “pooling” the data across 
the reaches.  A pooling factor greater than 0.5 suggests data from all reaches were used to some degree for 
reach level parameter estimation. 

 

 Multilevel R2 

 INT. PLANTS RMASS AVD AVL MDF CVD 

M. duboulayi 0.11 -0.02 - -0.06 - 0.01 - 

T. tandanus 0.03 - 0.14 0.03 0.19 - - 

A. reinhardtii 0.08 - - 0.06 0.05 0.66 -0.04 

 Pooling factor - π 

M. duboulayi 0.14 0.10 - 0.18 - 0.15 - 

T. tandanus 0.16 - 0.56 0.51 0.66 - - 

A. reinhardtii 0.26 - - 0.39 0.79 0.83 0.61 
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Figure 3-6: Plots of relationship showing systematic variation in species-environment relationships for two 
reach level regression relationships for each species.  The regression line in each plot is the hierarchical 
regression line, 

0 1 1
ˆ

ki i i iZβ γ γ= + for the appropriate reach level regression coefficient, βki where Zi (the x-axis) 
is standardised distance to river mouth.  Coefficients that fall on the dashed line at zero indicate effectively 
no relationship between the local-scale variable and abundance at that reach.  As each point represents the 
coefficient at a given sampling reach, n=17.   
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3.3.2 Predictive performance 

The second phase of model assessment was an assessment of the predictive 

performance of each model to quantify how well the models could predict species’ 

abundances from cross validation test data.  This was assessed in terms of the 

accuracy of predicted values as well as the concordance between the model variance 

and the observed variance.  The average correlation coefficients across all three 

models for M. duboulayi and T. tandanus were generally low (<0.5), however, the 

three level model (Model 3) gave the best fit (Table 3-6).  In contrast, mean r values 

for A. reinhardtii were consistently high for each model, with Model 3 having slightly 

lower accuracy than the two single level models (Table 3-6).   

None of the models performed particularly well with respect to model variance.  The 

distribution of the χ2 discrepancy measure for all models did not follow the χ2 

distribution with less than 95% of the distribution falling within the 2.5th and 97.5th 

percentiles across all models (Table 3-6).  This suggests that none of the models 

should be relied upon for prediction of new data as they currently stand as the model 

variance does not accurately reflect the observed variance in the data, although Model 

3 did perform better than the other models on this measure (Table 3-6).   

 

Table 3-6:  Summary of predictive performance indicators showing the mean Pearson correlation 
coefficient, r , between the 100 test observations and the model predicted values, and the proportion of 
predictions, p̂ , that lie between the critical values for the χ2 discrepancy test.  For a model to be considered 
useful for predictions 95% of the χ2 values should lie between the 2.5 and 97.5 percentiles for a χ2 
distribution with 17 degrees of freedom. 

Species r  2ˆ (7.564  30.191)p χ< <  

 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 

Melanotaenia duboulayi 0.17 0.15 0.46 0 0.12 0.79 

Tandanus tandanus 0.03 0.02 0.33 0.1 0.20 0.60 

Anguilla reinhardtii 0.87 0.87 0.78 0.50 0.35 0.57 
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3.4 Discussion 

The aim of this chapter was to compare hierarchical statistical models with equivalent 

single level models to quantify relationships between stream fish abundance and 

multiscale environmental variables.  The use of Bayesian hierarchical models has 

been advocated in the ecological literature for their flexibility in modelling complex 

ecological relationships (Clark 2005; Cressie et al. 2009).  However, there has also 

been debate regarding the value of such approaches due to the potential complex 

nature of the model structures (Heisey et al. 2010a; Hodges 2010; LaDeau 2010).  The 

trade off between model simplicity and additional ecological realism that comes with 

complex models is therefore worth investigating (LaDeau 2010).  The first question 

was to determine if hierarchical models could describe and quantify complex 

relationships such as cross-scale interactions better than single level models.  The 

second question was to determine if hierarchical models could predict unobserved 

species’ abundances more accurately than single level models.  Overall, the results 

suggested that models that reflect the hierarchical structure of multiscale data can 

result in better description of ecological relationships and prediction of unobserved 

data.   

Of the three models developed, the three-level Bayesian GLM (Model 3) had the best 

fit, according to the DIC, and explained the most variance in the response variable for 

each species (Table 3-2 and Figure 3-3).  In the cross validation testing, Model 3 

generally had the highest predictive accuracy across all species and with the exception 

of A. reinhardtii performed best in the χ2 discrepancy test of model variance (Table 

3-6).  The improvement in the fit of the three level model is due to the mathematical 

structure of the model reflecting the multi-scale influence of environmental variables 

across the riverine landscape on the spatial and temporal variation in species’ 

abundances.  These results are consistent with a similar comparative analysis of 

Bayesian hierarchical and single level models by Latimer et al. (2006) to predict the 

presence/absence of vegetation species.  In this study the authors began with a single 

level logistic regression model, similar to Model 1 in the present study and built in 

additional hierarchical levels to the model to account for hierarchical structure in a 

spatial dataset.  These findings do not imply that hierarchical models will always be a 

better option in ecological studies.  However, there can be considerable gain in model 
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performance for both description and prediction in river ecology by developing 

statistical models that reflect the nested hierarchy of riverine landscapes and 

subsequent hierarchical structure in multiscale datasets. 

3.4.1 Cross-scale interactions 

The nature and extent to which local-scale species environment relationships 

depended on the landscape-scale variable varied among the three fish species.  These 

cross-scale interactions for M. duboulayi were generally quite weak (Table 3-5), 

however, there was considerable variation in the local-scale abiotic relationships 

among sampling reaches for this species (Table 3-5, Figure 3-6(a) and (b)).  The lack 

of important cross-scale interactions does not mean that local habitat factors are not 

important for M. duboulayi, just that these relationships do not depend the landscape 

scale variable distance to river mouth.  Such apparently random variation in the 

species’ response to local-scale abiotic variation may be related to biotic processes not 

included in the model.  For example, M. duboulayi is not known to undertake 

spawning migrations (Pusey et al. 2004) and therefore the abundance of this species at 

the local-scale may be related to environmental variables as well as local-scale 

population dynamics such as competition and predation (Bélanger and Rodríguez 

2002; Roberts and Angermeier 2007).  Equally, such spatial variation in species-

environment relationships may be driven by ecologically important environmental 

factors such as substrate composition that were not included in the model.  Finally, 

this variation may be related to the scale of the analysis.  In the present study observed 

data were aggregated across habitat units (riffles, runs and pools) within a sampling 

reach by summing the abundance and calculating the mean of the local-scale 

environmental variables across the entire reach.  Melanotaenia duboulayi is generally 

found in much higher abundances in deeper slow flowing pools and rarely found in 

fast flowing habitat units (Pusey et al. 2004).  Therefore, aggregating to this scale may 

obscure finer scale species-environment relationships driven by fine-scale 

environmental variation (Sandel and Smith 2009) such as instream hydraulics.  

In contrast to M. duboulayi, there were relatively strong cross-scale interactions 

evident for T. tandanus and A. reinhardtii.   The three-level models for these species 

had relatively high pooling factors (π >0.5) for most interaction terms indicating that 

parameter estimates were estimated using information shared across the catchment.  
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There was a positive relationship between abundance of T. tandanus and the presence 

of root masses in a sampling reach in the lowlands of the catchment that steadily 

declined to a much weaker relationship near the headwaters (Figure 3-6(d)).  This 

may be related to the variation in the characteristics and availability of habitat across 

the catchment.  Adult Tandanus tandanus is known to be more abundant in headwater 

streams in this region (Kennard et al. 2006b), however, juveniles are more likely to be 

found in the lowlands (Pusey et al. 2000b).  The positive relationship between T. 

tandanus and root masses in the lowlands may therefore be due to juveniles making 

use of root masses as refuge habitat.  The relationship between increases in the mean 

daily discharge for the prior 4 months and abundance of A. reinhardtii tended to be 

very close to zero in the lowlands but were strongly positive in the headwaters (Figure 

3-6 (f)).  The lack of a strong relationship in the lowlands may be related to the likely 

reduced impact of discharge fluctuations in this part of the river.  Pusey et al (1993) 

showed that headwater sites in the Mary River were more likely to have greater 

variability in discharge than lowland sites.  Thus, the positive relationship in the 

headwaters may be related to this species’ preference for shallow high velocity habitat 

units which are vulnerable to drying where discharge is highly variable.  Higher levels 

of discharge in the headwaters would reduce the likelihood of such habitat units 

drying out, potentially attracting greater numbers of A. reinhardtii in such conditions.  

The nature of these cross-scale interactions, including the reach-scale deviations from 

the mean catchment wide interaction indicated by the lines of best fit on Figure 3-6 

would not have emerged without the use of a hierarchical model structure such as that 

of Model 3 (Webb et al. 2010).  However, a different formulation of the composite 

interactions variables for the single level models may have improved the fit of those 

models. 

The composite interaction variables for Models 1 and 2 involved multiplying the 

distance to mouth by each local-scale variable resulting in a continuous composite 

predictor variable.  There are at least two other approaches to this which could have 

been used.  Despite being a continuous variable, the distance to the river mouth could 

be treated as a categorical variable for the purposes of the cross-scale interaction.  

This would create as many ordinal levels to the variable as there are sampling 

locations with unique values for distance to the river mouth.  This approach would 

effectively mean each sampling location would have its own independent set of 
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relationships between species’ abundance and local-scale environmental variables 

(Walter et al. 1987; Zar 1999) thereby accommodating the spatial variation evident in 

Figure 3-5.  However, a key disadvantage of this approach this is that it would provide 

no information on any trend associated with distance to mouth and therefore no 

information for unsampled locations within the range of distance to mouth values 

(Aiken and West 1991).  A similar approach would be to create an ordinal categorical 

variable for distance to mouth.  This would then model any monotonic or non-linear 

relationship between local-scale species-environment relationships and distance to 

river mouth (Walter et al. 1987).  However, this is also an important disadvantage in 

that data from sampling locations where local-scale species-environment relationships 

were the opposite of the general trend, such as where distance to mouth = 229.3 

(Figure 3-5), would become influential sets of observations that could potentially 

mask the general trend across the catchment.  While both of these approaches have 

potential advantages and disadvantages, they both have the potential to lead to 

overfitting and/or inaccurate results given each sampling location would effectively 

be fit independently with no sharing of information across locations via the pooling 

that is associated with Bayesian hierarchical models (Gelman et al. 2004; Webb et al. 

2010). 

3.4.2 Overfitting and model generality 

The problem of overfitting is an important consideration in ecological analysis 

(Rushton et al. 2004).  This might be expected when using hierarchical models given 

the much larger number of parameters compared to an equivalent single level model, 

a common though crude indication of overfitting (Ginzburg and Jensen 2004).  

However, the process of pooling information across sampling units when using a 

Bayesian hierarchical model, often referred to as “borrowing strength” (Webb et al. 

2010), means the effective number of parameters in the model is reduced as 

information is shared among sampling units (Gelman et al. 2004; Gelman and Hill 

2007).  The increased predictive accuracy and better performance in the χ2 test of 

predictive variance of the three level model (Table 3-6) indicates that the increased 

number of parameters in Model 3 did not result in overfitting.  For both M. duboulayi 

and T. tandanus Model 3 was at least 40% better than either Model 1 or 2 in the χ2 

test.  This indicates that the hierarchical structure of the model appeared to improve 
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the generality of the model rather than reduce it.  This is an important finding for 

ecologists undertaking research to quantify multiscale species-environment 

relationship such as landscape approaches to river ecology or metacommunity 

analysis. 

The results of this study indicate that Bayesian hierarchical models offer considerable 

advantages in quantifying multiscale relationships in ecological datasets including 

cross-scale interactions.  Bayesian hierarchical models have already been used 

successfully to identify ecological responses to temporal flow variation (Bond et al. 

2010; Webb et al. 2010) and to estimate fish population size (Wyatt 2002; Rivot et al. 

2008).  However, this study has quantified the possible improvement in model 

performance by introducing a hierarchical model structure that reflects the structure in 

the data and more closely reflects potential conceptual models of ecosystem structure.  

Given the additional understanding gained about multiscale ecological relationships 

and the potential improved descriptive and predictive performance when fitting a 

hierarchical model to multiscale data, widespread application of these approaches may 

improve management and conservation outcomes in aquatic systems. 

In the next chapter I use the Bayesian framework to develop a more complex 

hierarchical model based on conceptual models of drivers of fish distribution and 

abundance.  I use concepts and themes from the landscape approach to river ecology 

as a guide to model development.   
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Chapter 4: Putting the landscape ecology into statistical models: a 

hierarchical Bayesian zero-inflated Poisson model for 

prediction of fish species’ distribution and abundance.  
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4.1 Introduction 

The landscape approach applied to river ecology has lead to important developments in 

understanding processes regulating the distribution and abundance of stream fish 

populations and assemblages (Schlosser 1991; Fausch et al. 2002).  This perspective has 

also enhanced the multiscale focus in stream ecology that has developed through the 

application of hierarchy theory to studies of river ecosystems (Parsons et al. 2004; Olden 

et al. 2006; Stewart-Koster et al. 2007).  Rivers are heterogeneous landscapes where 

abiotic processes across multiple scales influence local-scale biotic and abiotic 

characteristics (Fausch et al. 2002; Heino et al. 2004; Steinman and Denning 2005).  

Understanding these processes and the influence they have on instream organisms is 

central to the landscape approach to river ecology (Schlosser 1991).  Wiens (2002) 

described six central themes of landscape ecology (Chapter 1), four of which relate to the 

study of multiscale species-environment relationships:  (Theme 1) patches differ in 

quality (Theme 3) patch context matters, (Theme 4) connectivity is critical, and (Theme 

6) the importance of scale.  These four themes provide a useful framework for developing 

quantitative models that relate stream fish species’ distribution and abundance to 

multiscale environmental processes.   

Patch quality, which refers to the suitability in space and time of a given habitat patch for 

a given species is generally defined by patch-scale biotic and abiotic variables (Palmer et 

al. 2000; Wiens 2002; Winemiller et al. 2010).  Patches have been defined at various 

scales (metres to kilometres) depending on the organism under study (Chapter 1) but can 

be defined as an area of habitat surrounded by relatively impermeable boundaries (Pringle 

et al. 1988).  Stream fishes often have specialised requirements for local-scale 

environmental conditions such as water velocity and instream structure, which can result 

in specific relationships between species’ abundance and patch quality.  These local-scale 

relationships may be consistent across the landscape (Jackson et al. 2001) or influenced 

by patch context (e.g. Torgersen et al. 2006; Deschênes and Rodriguez 2007).  Patch 

context refers to the landscape surrounding any habitat patch and may refer to the 

connectivity among patches or the nature of the landscape in which a patch is nested, as 

measured by landscape-scale environmental variables (Wiens 2002; Johnson and Host 
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2010).  The degree of connectivity among patches may influence the local species 

assemblage via the flow of materials and energy as well as species dispersal and 

migration (Poole 2002; Grant et al. 2007).  Connectivity in riverine ecosystems is 

strongly related to environmental factors such as spatial and temporal variation in flow 

regime (Ward et al. 2002), barriers to dispersal such as large waterfalls or dams 

(Calabrese and Fagan 2004; Fullerton et al. 2010) and also the relative spatial proximity 

of patches (Calabrese and Fagan 2004; Peterson et al. 2007).  Spatial proximity can be 

quantified by a range of distance measures such as Euclidean distance or instream 

distance measures that follow the river channel, which can be used to quantify spatial 

autocorrelation (Ver Hoef et al. 2006; Dormann et al. 2007).  A high degree of spatial 

autocorrelation in species distribution and abundance would suggest a high level of 

connectivity among sampled patches (Chapter 1; Dunham and Rieman 1999; Peterson et 

al. 2007).  The overarching theme of the scale (Theme 6) affects each of the three themes 

of patch quality, context and connectivity (Wiens 2002).  The scales at which species’ 

distribution and abundance data is collected as well the scale at which potentially 

ecologically important environmental variables are defined has the potential to influence 

the outcomes of analyses quantifying species-environment relationships (Crook et al. 

2001).  These four themes fit together into the concept of hierarchical filters (Tonn 1990; 

Poff 1997; Figure 1-2, Chapter 1) and can be used to guide the research into species’ 

distribution and abundance.   

The general findings from studies into how multiscale abiotic variables are related to fish 

species’ distributions and abundances were summarised in a conceptual model in Chapter 

1 (Figure 1-3).  Each component of this conceptual model fits within the four themes of 

landscape ecology outlined above as well as within the hierarchical filters concept (Figure 

4-1).  Following the hierarchical process of habitat selection for fishes (Kramer et al. 

1997), environmental variables at the landscape scale such as elevation or mean daily 

runoff, may influence species’ spatial distribution (presence or absence) and therefore 

their presence within any given sampling reach (Wiley et al. 1997; Dunham and Rieman 

1999).  Subsequently, local-scale environmental variables, such as instream habitat 

structure or antecedent flows, may influence species’ abundance within a sampling reach 

at which the species is likely to be present (Crook and Robertson 1999; Arrington et al. 

2005; Blanck et al. 2007).  There are also linkages between the local and landscape-scale 
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environmental variation.  For example, local-scale species-environment relationships may 

be dependent on landscape-scale variables which may also have some influence on 

species’ abundance (Kennard et al. 2007).  Quantifying the nature and extent of these 

multiscale species-environment relationships is an important goal of landscape ecology 

and methodological advances can assist in this endeavour.   
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Figure 4-1:  A conceptual model illustrating the relationship between the four themes of landscape ecology 
outlined in the introduction, the hierarchical filters concept and the conceptual model of abiotic variables across 
multiple scales that influence stream fish distribution and abundance. 

 

In this chapter I use this broad conceptual model (Figure 4-1) as a framework to develop a 

statistical model that addresses several research questions related to the four themes 

outlined above: 

Question 1. To what extent do landscape-scale variables influence species distribution 

while local-scale habitat variables influence abundance?   

Question 2. How do local-scale abiotic conditions or patch quality, influence local-scale 

species’ abundance?  (patch quality) 
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Question 3. How do relationships between species’ abundances and local-scale 

environmental variables change according to landscape-scale variables or patch context?  

(patch context) 

Question 4. What is the effective range of spatial autocorrelation for species abundance 

and relationships between species abundance and local-scale environmental variables?   

In Chapter 3, I established the better descriptive and predictive performance of Bayesian 

hierarchical models for multiscale datasets typical of landscape approaches to freshwater 

ecology.  In this chapter I develop a hierarchical Bayesian zero-inflated Poisson (ZIP) 

model designed specifically to answer these four questions that arise from the themes of 

landscape ecology when applied to fish species distribution and abundance.  This type of 

model is generally used where there is a larger proportion of species absences in a dataset 

than can be accommodated by standard statistical distributions such as the Poisson 

(Martin et al. 2005).  However, in this case I adapted this particular model structure to 

address the four research questions above and in particular to quantify the extent to which 

landscape-scale variables influence species’ distribution while local-scale habitat 

variables influence abundance (Question 1).   

 

4.2 Methods 

4.2.1 Data collection and organisation 

The dataset used to illustrate the model consists of distribution and abundance data for 

Hypseleotris galii, in the Mary and Albert Rivers.  Hypseleotris galii is a semi-benthic 

species which favours deeper slow flowing water, typically found in low to mid 

elevations in coastal rivers of sub-tropical eastern Australia (Pusey et al. 2004).  As 

described in Chapter 2, data were collected from the Mary (17 reaches) and Albert (11 

reaches) Rivers by Mark Kennard and others from the Australian Rivers Institute, Griffith 

University (Kennard et al. 2006b), between 1994 and 1997.  A total of 17 reaches were 

sampled through time on either ten occasions (15 reaches) or nine occasions (two 

reaches) in the Mary River and 11 reaches were sampled on either eight occasions (five 

reaches) or seven occasions (six reaches) in the Albert River resulting 247 observations at 
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the reach level.  Nested within each sampling reach were between one and three 

contiguous habitat units resulting in 420 observations at the habitat unit level (Figure 

4-2).  In this analysis, species distribution and abundance data are analysed at both the 

habitat unit and reach levels. 

 

 

Figure 4-2: A schematic of the sampling design at a sampling reach. Twenty eight reaches across the Mary River 
(17 reaches) and the Albert River (11 reaches) were sampled up to ten times each resulting in 247 observations at 
the reach scale across the two rivers.  Nested within the reaches were up to three contiguous habitat units that 
were sampled separately on each occasion, resulting in 420 observations at the habitat unit scale across the two 
rivers. 

 

As described in Chapter 2 a series of local-scale environmental and habitat characteristics 

were measured, or estimated, at each site on each sampling occasion.  These observations 

were made at the level of the mesohabitat unit.  Given the large number of potential 

combinations of predictor variables, and the large number of parameters in a hierarchical 

model, a subset of ecologically meaningful local-scale and landscape-scale variables were 

selected to be used as predictors for this analysis.  Local-scale predictor variables, used to 

describe patch quality, were included from three variable classes; hydrologic, instream 

structure and hydraulic descriptors, with two ecologically meaningful variables from each 
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class included in the model (Table 4-1).  Local-scale hydrologic descriptors quantify 

recent antecedent flow conditions which may strongly influence species’ distribution and 

abundance via changes to recruitment success or through disturbance events such as 

flooding (Humphries et al. 2008).  Mean daily runoff for the previous 4 months (MDRU), 

and CV of daily discharge for the previous 4 months (CVDAY) were used in the model to 

describe recent antecedent flow conditions at each sampling location.   Descriptors of 

instream structure describe the extent of available structural habitat such as submerged 

aquatic macrophytes and woody debris which can be used by fishes for refuge, foraging 

and reproduction (Jackson et al. 2001).  The proportion of site area covered by 

submerged, emergent and overhanging vegetation (PLANTS) and the proportion of site 

area covered by instream woody debris (WOOD) were selected to describe instream 

structures at the habitat unit scale.  Hydraulic descriptors, such as water depth, have been 

found to be closely related to the abundance of various fish species in southeast 

Queensland (Kennard et al. 2006b; Kennard et al. 2007) probably due to variation in body 

morphologies, feeding and life history strategies among fishes (Blanck et al. 2007). 

Average depth (DEPTH) and stream gradient (GRAD) were used as descriptors of 

hydraulics at the habitat unit scale.  Thus, ‘patch quality’ is defined as a local-scale 

concept described by these local-scale variables.  Three landscape-scale predictor 

variables were included in the model to describe different elements of ‘patch context’ and 

large-scale environmental characteristics of the sampling reaches; the distance to the river 

mouth (DISTM) reach elevation (ELEV) and the long-term mean daily runoff (LMDRU).  

The square of the predictor variables DISTM and ELEV were also included to account for 

possible non-linear relationships between species distribution and abundance at the 

landscape scale.  Elevation and distance to the river mouth are likely to be surrogates for 

a number of ecological mechanisms that may influence the distribution of H. galii, such 

as long-term hydrologic variability, stream temperature and the relative availability of 

suitable hydraulic habitat.  Correlation analyses of this suite of variables showed the 

largest correlation coefficient at the local-scale was -0.48 between gradient and average 

depth and 0.51 at the landscape scale between distance to mouth and elevation. 
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Table 4-1: Predictor variables included in the models organised by class.  The classes of variables included in the 
most probable model are marked with an asterisk. 

Presence/Absence Landscape Abundance 

Distance to 

mouth 

DISTM Distance to 

mouth * 

DISTM Hydrology 

* 

MDRU 

DISTM2 DISTM2 CVDAY 

Elevation * 
ELEV 

Hydrology LMDRU 
Instream 

structure * 

PLANTS 

ELEV2 WOOD 

    
Hydraulics* 

GRAD 

    DEPTH 

 

4.2.2 Hierarchical Bayesian zero-inflated Poisson regression model 

The statistical model employed in these analyses is a hierarchical zero-inflated Poisson 

(ZIP) mixture model similar to that developed by Boone et al. (in review; Appendix B).  

Parameters describing ecological relationships are estimated at several levels of the 

hierarchy, described as either Habitat unit, Reach, River or Region (Figure 4-3).  

Parameters at the Habitat unit level vary in space and time and depend on parameters 

estimated at the Reach level; parameters at the Reach level vary in space only, both 

within and between the two rivers and depend on parameters estimated at the River level; 

parameters estimated at the River level only vary between the two rivers and parameters 

at the Region level are fixed effects that do not vary in space or time.  Within the 

Bernoulli component for species spatial distribution (presence/absence across the 

landscape) parameters are estimated at the River level. Within the Poisson component for 

species’ spatiotemporal distribution and abundance at the local scale, parameters are 

estimated at several hierarchical levels.  Expected abundances are estimated at the Habitat 

unit level and the regression coefficients that define the expected abundances are 

estimated at the Reach level, dependent on coefficients estimated at the River level 

(Figure 4 3). 
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Figure 4-3: Schematic of the hierarchical structure of the model showing the two components of the model, 
Bernoulli and Poisson as left and right hand branches respectively.  The Bernoulli component estimates the 
probability of presence given landscape-scale variables that vary in space alone.  The Poisson component 
estimates the expected abundance given a hierarchy of predictor variables including local-scale habitat variables 
that vary through time at each site and landscape-scale variables that vary in space alone.   The level of the 
model at which each parameter is estimated is described as either, Habitat Unit, Reach, River or Region.  
Parameter definitions are provided in the model description. 

 

Commonly the ZIP model structure is used where there are too many species absences in 

the dataset which cannot be accommodated by a standard Poisson distribution.  However, 

the main purpose in this case is to examine the importance of the scale of explanatory 

variables with respect to the numerical resolution of the response variables (sensu Rahel 

1990) thereby addressing the first research question.  A species may be truly absent from 

a stream reach due to abiotic variables across several scales.  For example, a sampling 

reach may be outside the geographic range of a given species, in which case it will never 

be observed there (Lancaster and Downes 2010).  Conversely, a sampling reach may be 

within the geographic range of the species but the species may be absent due to local-
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scale abiotic variables such as the lack of suitable microhabitat, intolerable water quality 

or an inability to colonise the location due to poor connectivity.   The model is known as 

a ZIP mixture model because it estimates the probability of species absence as a mixture 

of two separate processes, a Bernoulli and Poisson process (Martin et al. 2005; Boone et 

al. in review; Appendix B).  Being a binary outcome, the probability of species’ 

presence/absence is modelled as a Bernoulli process (Equation 4-1).  Subsequently, the 

probability of the observed abundance is modelled via the Poisson process adjusted by the 

probability of absence due to the Bernoulli process (Equation 4-2).     

 

( 0) (1 ) (4-1)

( ) (1 ) (4-2)
!

ijk

ijk ijk

ijk

ijk ij ij

y

ijk ijk ij
ijk

P Y p p e

e
P Y y p

y

µ

µ µ

−

−

= = + −

= = −
   

Where Yijk is the observed abundance of H. galii at the ith reach in the jth river on the kth 

sampling occasion, ijp  is the probability of the presence of H. galii at the ith reach in the 

jth river, and ijkµ  is the expected abundance at the ith reach in the jth river on the kth 

sampling occasion.  In ecological terms, the Bernoulli process governs species presence 

or absence with probability ijp  while the Poisson process governs the species abundance 

with probability (1 ) ijk
ijp e µ−− .  The parameters of the Bernoulli process are estimated with 

landscape-scale environmental variables thereby estimating the species’ spatial 

distribution using the reach level data (Figure 4-2; Figure 4-3).  The parameters of the 

Poisson process are estimated with landscape and local-scale predictor variables at the 

habitat unit level, thereby estimating the hierarchical relationships that may contribute to 

local-scale species abundance (Figure 4-3).  This model structure specifically reflects, and 

therefore tests, the assumption in Question 1, that a separate ecological process generates 

the species’ spatial distribution within each catchment from that which generates species 

spatiotemporal distribution and abundance at the local-scale (Martin et al. 2005).  Using 

the ZIP mixture model in this way can resolve the question of “what extent do landscape-

scale variables influence species distribution while local-scale habitat variables influence 
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abundance? (Question 1)”, because it may predict zero abundance due to unsuitable local 

habitat even where a site falls within the species distribution across the catchment.   

 

The Bernoulli process is modelled via a logistic regression with probability of absence at 

the reach level (Figure 4-3), ith reach in the jth river, pij, (Equations 4-4 and 4-5). 
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Where mijT  is the mth predictor variable at the jth site in the ith river from a set of 

landscape-scale variables that vary in space but are constant in time and mβ  is the logistic 

regression coefficient for the mth predictor variable and 0β is the intercept term.  The 

coefficients that describe the relationship between landscape-scale variables and the 

probability of species’ presence/absence are regional level parameters and therefore do 

not vary between the two catchments (Figure 4-3).  Were the species’ spatial distribution 

not driven by theses landscape-scale variables (Question 1), we would expect the mβ  

coefficients to be near zero and this component of the model would have a poor 

classification rate. 

As stated above, the presence, absence and abundance of the species at the local-scale is 

modelled via a hierarchical Poisson regression (Equations 4-6 to 4-8) with rate parameter 

µijk
 at the habitat unit level (Figure 4-3) adjusted for the probability of its absence at the 

reach (Equation 4-7).  The local level of the Poisson regression, which estimates the 

species’ relationship to patch quality, is modelled by habitat unit and reach level predictor 

variables that vary in space and time, with coefficients estimated at the Reach level 

(Figure 4-3).  Species abundance is standardised to a density of individuals per 102 metres 

to account for ‘between-site’ variation in sampling area in the same manner as Models 2 

and 3 in Chapter 3 (Wyatt 2002).    
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Where ijkµ is the rate parameter of the Poisson distribution, in this case the expected raw 

count at the kth sampling occasion at the jth site in the ith river, ijkα is the corresponding 

fish density per 10m2, and ijkX is the lth local-scale predictor variable at the jth reach in 

the ith river on the kth sampling occasion and lijγ is the Poisson regression coefficient for 

the lth local-scale predictor variable at the jth reach in the ith river describing the 

relationships between local-scale species’ distribution and abundance and patch quality.  

This level of the Poisson component of the model relates specifically to the second 

question.  Were patch quality to have little or no impact on species abundance, the local-

scale regression coefficients would be close to zero and we would see very little variance 

in species abundance explained by the model.  

The hierarchical nature of the model helps to address Question 3, importance of the 

landscape context of a given patch to species-environment relationships.  The local-scale 

Poisson regression for species abundance estimates separate regression coefficients for 

species-environment relationships at each site lijγ , however, these may vary systematically 

with landscape level predictor variables.  The reach level regression coefficients are 

assumed normally distributed, a priori, with their mean dependent on landscape level 

variables with regression coefficients, niω  estimated at the River level of Figure 4-3 

(Equations 4-9 and 4-10).    
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Where liϕ  is the mean of the posterior distribution of the Poisson regression 

parameters lijγ , that describe the local-scale species-environment relationships, nijZ  is the 

nth landscape-scale variable at the jth site in the ith river, niω  is the hierarchical 

regression coefficient for the nth landscape-scale variable in the ith river, 0iω  is the 

intercept term for the ith river, 2( , )liliρ σΣ is the variance-covariance matrix of the 

regression coefficients liϕ , which is estimated by the exponential covariance model in 

Equation 4-11 below.  Thus, the parameters niω resolve question 3, if the 95% credible 

interval of the posterior distribution of niω  is above or below zero it would suggest 

“significant” systematic variation in the local-scale species-environment 

relationship, lijγ ,that is related to patch context.  If patch context did not affect local-scale 

species-environment relationships, we would expect the posterior distributions of niω  

coefficients to have a median of zero. 

Another important consideration in modelling species abundance is spatial 

autocorrelation.  Residual spatial autocorrelation after model fitting can result in biased 

parameter estimates and erroneously precise variance estimates (Cressie 1993).  Several 

recent developments in the statistical literature have resulted in distance measures for 

spatial autocorrelation that reflect the longitudinal connectivity of river networks 

(Peterson et al. 2007; Peterson and Ver Hoef 2010; Ver Hoef and Peterson 2010).  It is 

relatively common to quantify possible spatial autocorrelation in residual species 

abundance after fitting a statistical model (Legendre 1993; Dormann et al. 2007).  Here, 

this is extended to quantify spatial autocorrelation in the spatial variation in the local-

scale species-environment relationships, lijγ estimated in the hierarchical component of the 

model (Boone et al. in review; Appendix B).  Just as these relationships may vary 

according to patch context, variation in these relationships may also display some level of 

spatial autocorrelation.  The exponential spatial autocorrelation model was used to 

quantify the residual spatial autocorrelation in both species abundance and reach level 

parameter estimates at the River level of Figure 4-3 (Equation 4-11). 
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2 2 3( , ) ( , ) (4-11)
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Where, liρ  is the effective range of the spatial correlation for the mean of the Poisson 

regression coefficient liϕ , and p qs s−  is absolute value of the distance between sites, p 

and q.  The distance metric used is symmetric hydrologic distance between pairs of sites 

which equates to the distance along the stream network as the fish swims and allows 

correlation both upstream and downstream along the river network (Peterson et al. 2007).  

Generally, sites are arrayed quite wide apart throughout each catchment with greater 

distances among sites in the Mary River due to its longer length (Table 4-2).  However, 

there are four sites in each catchment that are relatively close being within 10km of each 

other.  The posterior distribution of liρ  indicates the distance away from each sampling 

reach where any spatial autocorrelation in the associated hierarchical regression 

coefficients liϕ  is below 0.05, which is effectively zero.  Should one of these distributions 

be concentrated away from zero it would suggest that instream connectivity plays an 

important role in regulating that aspect of the species-environment relationships.    

 

Table 4-2: Summary statistics of intersite distance for each River using the symmetric hydrologic distance 
between pairs of sites. 

 Max Min Median Quartiles Sites within 
10km 

Albert 104. 9 5.9 45.6 24.5 69.6 4 

Mary 332.2 0.1 111.2 69.2 153.9 4 

 

As this model provides estimates for site specific species-habitat relationships, it is 

natural to expect some differences between the two rivers.  The hierarchical regression 

parameters within each river, niω  are drawn from a common normal distribution.   
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2~ ( , ) (4-12)ni n nN aω ξ  

Where na is the overall mean, or regional, effect of the nth landscape-scale variable and 

2
nξ is the variance of this effect across both rivers (Figure 4-3).  These parameters 

complete the hierarchical structure of the systematic component of the model, however, 

since there are only two rivers in this study, ecological inferences from these parameters 

may be problematic and therefore they are not presented in the Results.  To complete the 

Bayesian specification of this likelihood structure, I used uninformative proper prior 

distributions where required.   
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The scale parameter for the Normal distributions of the β and α parameters is the 

precision (1/variance).  Using uninformative prior distributions such as these means the 

data provide the information for parameter estimation in the model.  Boone et al. (in 

review) conducted a prior sensitivity analysis for this model and found this choice of prior 

distributions had very little effect on the model results.   

There are several assumptions in this model relating to the two distributions within the 

mixture model.  An overall assumption of the model is that species abundance is derived 

from two independent processes; a Bernoulli process that determines the presence or 

absence of the species at a given reach (its spatial distribution across the landscape) and a 

Poisson process that determines the local scale species’ distribution and abundance.  

Specific assumptions exist for each of the two components of this mixture.  Assumptions 

specific to the Bernoulli component are as follows: 

1. The logit of the probability of presence changes linearly with the landscape scale 

variables 
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2. The presence or absence of the species at each sampling reach is independent of 

other observations and show no spatial autocorrelation.  This assumption could be 

relaxed if a larger number of sampling reaches had been available.  

 

Assumptions specific to the Poisson component are as follows:   

1. The logarithm of the rate parameter of the Poisson distribution (the expected 

abundance) is linearly related to the set of local and landscape-scale 

environmental variables.   

2. The variance in abundance is equal to the mean. 

3. Spatial autocorrelation in the mean abundance at each sampling reach and also in 

local-scale species-environment relationships is possible and follows an 

exponential decay as distance increases along the stream channel. 

 

In summary therefore, modelling species presence as a mixture of two different processes 

via the ZIP structure of the model addresses the extent that species distribution is related 

to landscape-scale environmental conditions while local-scale abundance is related to 

local-scale abiotic variables (Question 1).  The local-scale Poisson regression quantifies 

the importance of patch quality to species abundance (Question 2), while the hierarchical 

component of this regression can quantify the extent to which patch context influences 

local-scale abundance and species-environment relationships (Question 3).  Lastly, the 

importance of instream connectivity to species-abundance and species-environment 

relationships is modelled via the exponential covariance model using symmetric 

hydrologic distance between pairs of sites as a distance metric (Question 4).  

4.2.2.1 Model estimation 

Estimation was done by exploring the posterior distribution of parameters via Metropolis-

Hastings Markov Chain Monte Carlo sampling embedded in a Gibbs sampler (Boone et 

al. in review; Appendix B).  Initial chains were run to “tune” the sampler using the 

standard deviations of the posterior distributions of short pilot MCMC chains to get 

appropriate initial values and step values to speed the convergence of the MCMC chains 

(Boone et al. in review; Appendix B).  The MCMC sampling was done using Octave 3.03 

on a Beowulf cluster machine.  Sampling times varied depending on the model 
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complexity and the processing power of each node on the cluster with the most complex 

model taking about six to eight seconds per sample.  After tuning the starting and step 

values, to estimate each model I ran five separate chains for 12,000 iterations, discarding 

the first 2,000 iterations as burn-in as it appeared the chains had achieved convergence 

after 1,500 iterations.  With each chain reaching convergence, this left 50,000 samples 

from the posterior distribution of each parameter.  Including the time required for the 

tuning of initial values and step values, a single model run may take up to two weeks to 

complete.  All convergence analysis and inference was done in the R statistical 

environment (R Development Core Team 2009).   

4.2.2.2 Model selection 

Given the length of time required for model computation I took a heuristic approach to 

variable selection.  Rather than running every possible combination of models, a total of 

362,880, variables were included in, and excluded from, the models in pairs by class, for 

example both instream structure variables, PLANTS and WOOD were included or 

excluded from any given model together rather than individually.  With potential 

predictor variables being included in pairs at each level of the model there were a possible 

63 different variable combinations from which to select the most probable model (Table 

4-1).  A common model selection approach is to use Bayes factors to test whether specific 

variables need to be in the model (Gelman et al. 2004).  The disadvantage of using the 

Bayes factor is that it does not quantify the uncertainty associated with model choice 

(Berger 1993).  I calculated the posterior model probability of each of the 63 fitted 

models to identify which was the most probable.  This approach uses the full posterior 

distribution of model probability thereby incorporating the uncertainty surrounding each 

model (Boone et al. 2005a).  With the prior probability of a model Mj being P(Mj) and the 

data D, the posterior model probability for each model, given the observed data can be 

calculated using Bayes theorem:   
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Using a uniform prior for each model, P(Mi) = 1/63 which gives no model favour over 

any other model a priori, and the respective MCMC samples from the posterior 

probability distribution of the model, the most probable model is identified via Monte 

Carlo integration:  

 

( | ) ( | ) ( | , )i i i i i iP D M p M L D M dθ θ θ
Θ

= ∫  

 

The most probable model had a posterior probability of 0.99 (all other models <0.01) and 

included all potential variables except the DISTM variables in the Bernoulli component 

and LMDRU in the landscape level of the Poisson component (Table 4-1).  It would be 

possible to average two or more models together via Bayesian model averaging, however, 

with a single model having such a high posterior model probability this was not 

necessary. 

4.2.2.3 Model interpretation 

The structure of the model quantifies how the species’ spatial distribution is related to 

landscape-scale abiotic variables (Bernoulli) as well as the spatiotemporal distribution 

and abundance due to landscape and local-scale abiotic variables (Poisson).  Both of these 

components of the model should be considered when assessing the model accuracy with 

respect to species’ presence/absence.  The Bernoulli component quantifies the species’ 

spatial distribution at the Reach level (n=247) rather than the habitat unit of the Poisson 

component (n=420; Figure 4-2; Figure 4-3).  To compare the classification rates of each 

component of the model, the observed species distribution must be pooled to the Reach 

scale to compare the extent to which observations are correctly classified as 

present/absent due to either landscape-scale variables (Bernoulli) or local-scale variables 

(Poisson).  A threshold of 0.5 was used to delineate the probability of presence or absence 

under the Bernoulli component of the model and under the Poisson component the 

species was expected to be present when the expected abundance ≥ 1.  I also calculated 

the square of the Spearman correlation coefficient between observed abundance of H. 

galii and expected abundance under the model as a “pseudo R2” to provide insight into 
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the amount of variation in species abundance that can be explained by the most probable 

model.  I also calculated the multilevel R2 introduced in Chapter 3 for the hierarchical 

relationships in the Poisson component of the model.  Finally, I calculated a Bayesian “p-

value” for each regression coefficient, p*, being the minimum of the probability that the 

coefficient is less than or greater than zero (Chapter 3), as an indication of the probability 

of a given relationship: 

* min(Pr( 0), Pr( 0))p γ γ= < >  

 

4.3 Results 

By setting up the model with variables at different scales for the Poisson and Bernoulli 

(logistic regression) components, it provides an indication of the relative importance of 

each scale to the species’ spatial and temporal distribution.  The logistic regression 

component of the model correctly classified H. galii as present or absent 61% (0.61) of 

the time (Table 4-3).  Of particular note is the false positive rate (FPR), the proportion 

expected to be present under the model but observed to be absent, 26% (0.26) or 65 

observations.  This suggests that about a quarter of the site-scale observations are within 

the expected spatial distribution of the species, however, the fish was not found at the site.  

This may be due to local-scale spatiotemporal habitat variables rendering the site 

unsuitable at certain times which can be assessed by examining the accuracy of 

presence/absences under the Poisson component of the model.  Converting expected 

abundances from the Poisson component to presences and aggregating at the site scale for 

direct comparison with the logistic regression shows an improvement of classification 

accuracy due to the Poisson component to 0.85 (Table 4-3).  The FPR of the Poisson 

component is improved over the binomial being reduced to 0.09 or 22 observations.  This 

improvement of 0.17 suggests that there are 43 observations that are sampled within the 

expected spatial distribution of H. galii, but it is absent due to unsuitable local-scale 

abiotic variables. 
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Table 4-3: Matrix of classification of presence or absence for the landscape-scale Bernoulli and hierarchical 
Poisson components of the model.  Poisson abundances converted to presences to assess binary classification 
accuracy.  Binomial accuracy = 0.61  = (29+122)/247.  Poisson accuracy = 0.85  = (69+140)/247 

  Observed Values 

  Bernoulli Poisson 

  Absent Present Absent Present 

Predicted 

values 

Absent 29 31 69 13 

Present 65 122 25 140 

 

 

The Bernoulli component of the model, estimated via logistic regression, provides an 

estimate of the probability of presence across the elevation gradient sampled in the two 

rivers (Figure 4-4).  The elevation at which the probability of presence is at its maximum 

is approximately 161 metres above sea level, however, there is considerable uncertainty 

around this elevation as there are some sampling occasions where H. galii is absent at this 

elevation.  Such large uncertainty along part of the elevation gradient is consistent with 

the relatively large difference between the classification accuracy of the Bernoulli and 

Poisson components of the model.  The species is only expected to be absent where its 

median probability of presence is <0.5 which only occurs at very low elevations which 

further explains the relatively high FPR under the Bernoulli component.  Overall, these 

results provide some evidence to support the hypothesis that variables at the landscape-

scale influence the spatial distribution, while local-scale variables influence its 

abundance.  However, absences within the expected spatial distribution of the species, 

possibly due to unsuitable local habitat, are also an important source of absences at the 

site scale.   
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Figure 4-4: Probability of presence of Hypseleotris galii across all elevations sampled in the Mary and Albert 
Rivers.  The solid curve indicates the median of the posterior probability of presence while the dashed curves 
indicate the 95% credible band surrounding this probability.  

 

The pseudo-R2 of the most probable model was 0.58.  Figure 4-5 shows the plot of 

observed against expected which illustrates a very good fit with two poorly predicted 

observations, where the species was absent but expected in high abundance.  These 

poorly predicted observations may be due to unusually high abundances occurring at the 

same habitat units on different occasions.  For example, in the habitat unit where H. galii 

was absent but abundance was expected to be 545 (open circle in the bottom right hand 

corner of Figure 4-5), a total of 112 individuals were sampled on a different sampling 

occasion in conditions generally of unsuitably high gradient for this species.  These 
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individuals were presumably moving through the habitat unit, rather than residing there, 

however, their presence may have resulted in the poorly fit regression relationship at this 

reach.  Despite these two observations causing a poor fit, this relatively high pseudo-R2 

suggests that patch quality and patch context are strongly related to the spatiotemporal 

abundance of this species within its spatial distribution.   

 

Figure 4-5: Plot of observed abundance of H. galii against the expected values under the model.  Circles reflect 
habitat units in the Mary River and triangles reflect habitat units in the Albert River.  Note the expected values 
are the result of the mixture of processes governing the probability of species presence at the sampling reach 
given the landscape-scale abiotic variables in the Bernoulli component and the expected abundance at the 
habitat unit given the landscape and local-scale abiotic variables in the Poisson component of the model, n=420. 

 

4.3.1 Hierarchical relationships 

The hierarchical regression coefficients in the model, niω , quantify the effect of patch 

context on the relationship between H. galii and patch quality.  There are several 
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important relationships that suggest that patch context and patch quality are important to 

both mean species abundance and the apparent species-environment relationships 

quantified by the model.  For mean species abundance, represented by the reach level 

intercepts, one or both of the slope parameter(s) for DISTM and DISTM2 have a Bayesian 

p-value, p*, of less than 0.05 which indicates a strong direct relationship between mean 

species abundance and these landscape-scale variables (Figure 4-6, Table 4-4).  This 

indicates that this distance to the river mouth may play a role in defining patch quality as 

well as patch context.  Several hierarchical relationships have a very high probability 

including the relationships between species abundance and GRADIENT, AVD, MDR and 

WOOD in the Mary River and CVD and MDR in the Albert (Table 4-4).  These 

hierarchical relationships suggest that the relationship between species abundance and 

patch context, as defined by these local habitat variables, varies systematically with patch 

context, as defined by distance to the river mouth.  This may be a surrogate for other 

mechanistically important variables related to patch context.  In the Mary River, the 

hierarchical relationships to the two hydraulic variables follow a similar pattern with 

increasing AVDEPTH and GRADIENT appearing to have a negative association with 

species abundance at low and high levels of distance to the river mouth.  Towards the 

centre of the distance to mouth gradient, there is a positive association between 

AVDEPTH and abundance and little or no association with GRADIENT (Figure 4-6 (b) 

and (c)).   

The local level hydrologic relationships also show probable hierarchical associations with 

DISTM and DISTM2 in each river (Table 4-4, Figure 4-6 (d) and (e)).  In the Albert 

River, increasing CVDAY has a negative association with species abundance in sites near 

the river mouth which tends to positive in the middle of the DISTM gradient and may 

tend to negative in headwater streams (open triangles, Figure 4-6 (d)).  There is 

considerable uncertainty surrounding these relationships in the Albert, evidenced by the 

relatively wide intervals surrounding the local-scale regression coefficients.  In the Mary 

River there is much less spatial variation in these relationships, with a generally little or 

no relationship to CVDAY across that catchment.  The spatial variation in the association 

between species abundance and MDRU is broadly similar in each river with increased 

MDRU being related to increased abundance close to the river mouth tending towards 

decreased abundance in the headwater streams (Figure 4-6 (e)).  However, there is 
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considerable variation around this trend in the Mary River, with large uncertainty around 

the local-scale coefficients in the lowlands (less than 150m to the river mouth).     
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Table 4-4: Hierarchical coefficients,
 niω from the River level of the model (Figure 4-2) with 95% credible intervals and a Bayesian p-value, p*, which are bolded when less than 0.1.  

The Slope terms indicate the relationship between the Reach level coefficients and the landscape-scale variables DISTM and DISTM2. 

 Reach level Variable Intercept Slope - DISTM Slope – DISTM2  

  Median 95% CI p* Median 95% CI p* Median 95% CI p* Multilevel 
R2 

Mary Intercept -2.05 (-3.23 to -0.26) 0.02 0.002 (-0.022 to 0.022) 0.44 0.0002 (0 to 0.0004) 0.03 0.21 

 Gradient -0.74 (-1.7 to 0.21) 0.06 0.06 (0.026 to 0.166) 0 -0.0006 (-0.0015 to -0.0004) 0 0.72 

 AVD 1.45 (-0.7 to 3.11) 0.09 0.054 (0.014 to 0.086) 0 -0.0006 (-0.0009 to -0.0003) 0 0.27 

 CVD -0.15 (-0.41 to 0.18) 0.08 0 (-0.006 to 0.008) 0.44 0 (-0.0001 to 0.0001) 0.5 0.08 

 MDR 1.97 (0.87 to 3.13) 0 0.003 (-0.02 to 0.031) 0.42 -0.0002 (-0.0004 to 0.0001) 0.08 0.16 

 PLANT 0.02 (-1.49 to 1.42) 0.49 -0.01 (-0.048 to 0.028) 0.3 -0.0002 (-0.0006 to 0.0002) 0.14 0.26 

 WOOD 0.25 (-2.42 to 3.21) 0.43 -0.121 (-0.197 to -0.069) 0 0.0001 (-0.0006 to 0.0007) 0.37 0.66 

Albert Intercept -1.7 (-4.68 to 0.83) 0.09 0.101 (0.008 to 0.187) 0.02 0.001 (0.0002 to 0.0017) 0 0.38 

 Gradient -0.7 (-2.79 to 1.46) 0.25 -0.006 (-0.105 to 0.11) 0.46 -0.0003 (-0.0011 to 0.0008) 0.3 0.21 

 AVD 0.36 (-2.82 to 3.1) 0.41 -0.033 (-0.119 to 0.055) 0.23 -0.0003 (-0.001 to 0.0004) 0.18 0.29 

 CVD -1.06 (-4.52 to 0.96) 0.16 -0.043 (-0.126 to 0.023) 0.09 -0.0003 (-0.0008 to 0.0002) 0.09 0.34 

 MDR 0.74 (-2.24 to 3.38) 0.3 0.058 (-0.014 to 0.125) 0.06 0.0005 (0 to 0.0009) 0.02 0.59 

 PLANT 0.06 (-2.5 to 2.63) 0.48 -0.107 (-0.291 to 0.051) 0.14 -0.0017 (-0.0037 to -0.0001) 0.14 0.85 

 WOOD 0.27 (-2.81 to 3.36) 0.43 -0.143 (-0.293 to 0.075) 0.12 -0.0017 (-0.0031 to 0.0003) 0.12 0.66 
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Figure 4-6: Plots of reach level coefficients along the landscape level gradient of DISTM for each river for the highly probable hierarchical relationships; see Table Y.  Each set of 
points indicate the variation local-scale regression coefficients for each variable along DISTM in the Albert River (triangles) and Mary River (circles).  The corresponding regression 
line shows the relationship between the reach level coefficients and DISTM, defined by the hierarchical parameters shown in Table 4-4. 
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4.3.2 Spatial autocorrelation 

The effective range of spatial autocorrelation indicates the extent to which species 

abundance and local-scale species-environment relationships are similar due to spatial 

proximity.  The medians of the posterior distributions of liρ , indicating the effective 

range of spatial autocorrelation for residual abundances and local-scale abiotic 

relationships have a range of between 3.5 and 10.5 km across both rivers (Figure 4-7).  

Considering the range of intersite distances in both catchments (Table 4-2), this is 

relatively low which suggests that the residual spatial variation in local-scale 

abundance and relationships to patch quality is not due to spatial proximity of sites.  

With the exception of WOOD, the values are generally similar for each local-scale 

variable across both rivers. 
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Figure 4-7: Boxplots showing the posterior distributions of the effective range of spatial autocorrelation for 
each of the species abundance and local-scale species-environment relationships.  Grey boxes are from the 
Mary River and white boxes are from the Albert River.   

 

4.4 Discussion 

The aim of this chapter was to present a statistical model that examined several 

questions that arise from four of the six themes of landscape ecology outlined by 

Wiens (2002) as they apply to freshwater fish in riverine ecosystems.  The first 

question was to examine the extent to which landscape-scale variables influenced 

species distribution while local-scale habitat variables influenced abundance.  The 

second question was to identify how patch quality influenced local-scale abundance of 

H. galii.  The third question was to specifically address how local-scale relationships 

to patch quality change according to patch context.  The fourth question was to 

identify the effective range of spatial autocorrelation evident in species’ abundance 
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and local-scale species-environment relationships.  The conceptual model of 

multiscale abiotic drivers of fish distribution and abundance developed in Chapter 1, 

which fit within these four themes (Figure 4-1) provided a guide to statistical model 

development.  The mathematical structure of the zero-inflated hierarchical Poisson 

regression model matched the conceptual model quantifying the relationship between 

multiscale abiotic variables and the distribution and abundance of H. galii.  The model 

introduced specific parameters in order to explicitly address each of the research 

questions. 

4.4.1 The importance of scale for species’ distribution and abundance 

Several landscape studies of freshwater fish have found that species’ distribution and 

abundance are likely to be regulated by environmental variables at separate scales 

(Pusey et al. 2000b).  My results did not support the hypothesis that landscape-scale 

variables influence the spatial distribution while local-scale variables influence the 

spatiotemporal abundance of H. galii.  There were a considerable number of absences 

through time that were not related to the landscape-scale variables, but rather local-

scale environmental variables (Table 4-3).  Consistent with the idea of hierarchical 

filters (Poff 1997), Kramer et al. (1997) described the selection of habitat as a 

hierarchical process whereby a species ‘selects’ a region, then a major habitat type; 

subsequent ‘selections’ relate to successively fine-scale ‘decisions’ according to the 

local habitat it encounters.  My results are not inconsistent with this hypothesis, they 

suggest the species ‘selects’ habitat at mid to upper elevations and is likely to be 

absent at low elevations (Figure 4-4).  Within this landscape-scale spatial distribution, 

the presence or absence of H. galii within a particular stream reach is temporally 

dynamic suggesting local-scale abiotic conditions may be not only related to local-

scale abundance but also presence/absence.  

Consistent with the results for H. galii in this chapter, Kennard et al. (2007) found that 

the presence or absence of this species within assemblages of the Mary River was 

strongly related to both local and landscape-scale environmental variables.  

Nonetheless, these findings do not entirely refute the hypothesis that landscape-scale 

variables influence species’ spatial distribution while local-scale variables influence 

species’ spatiotemporal abundance.  These findings may be affected by the lurking 
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factor of scale of the studies (Sandel and Smith 2009).  Hypseleotris galii occurs 

widely throughout eastern Australia and is known to be a mobile species capable of 

relatively long distance migration movements within a catchment (Pusey et al. 2004).  

Its mobility would suggest likely spatial and temporal variation in presence/absence 

within its spatial distribution within a catchment.  A larger scale study across a 

broader geographic range with environmental predictor variables at a regional level 

may be more appropriate for testing this hypothesis with such a widely arrayed mobile 

species. 

4.4.2 Patch quality 

There was a relatively strong relationship between the abundance of H. galii and 

patch quality, as defined by the local-scale environmental variables.  The credible 

intervals of many of the reach level regression coefficients describing relationships to 

local-scale hydraulics, antecedent flows and instream structure were often greater than 

zero (Table 4-4), indicating that local-scale abundance was strongly related to these 

aspects of local environmental conditions.  Stream fish species have been widely 

documented to sort in a non-random manner according to variation in local abiotic 

conditions (Schlosser 1991; Jackson et al. 2001).  While the results of this study are 

consistent with this expectation, they should not be viewed as conclusive evidence of 

the most important local-scale abiotic variables to H. galii distribution and abundance.  

The most probable model; which identified relationships to instream hydraulics, 

structural habitat and antecedent flows at the local-scale, is only the most probable 

model of the 63 models tested.  Other models which were not tested, for example with 

different combinations of predictor variables, including biotic information such as the 

presence of competitors and/or predators, may provide a better fit to the data and 

identify relationships between H. galii and other descriptors of patch quality.  Further, 

additional sampling during the wet season may improve the understanding of 

relationship between abundance and changes in patch quality given the importance of 

hydrologic variation in riverine systems.  Finally, the considerable variation in the 

reach level relationships that can be explained by the abiotic variables at the landscape 

scale suggests that patch context is also important. 
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4.4.3 Patch context 

The context of any given habitat patch within the broader landscape may influence 

species distribution and abundance, as well as affecting the relationships between 

species abundance and patch quality (Wiens 2002).  The spatial variation in the 

relationship between H. galii and local-scale hydraulics, antecedent flows and 

instream structural habitat suggests that patch context may be an important factor in 

regulating species distribution and abundance.  These results suggest patch context as 

defined by the variation in distance to the river mouth among sampling reaches, was 

related to the relationships between H. galii abundance and patch quality.  Such 

multiscale interactions affecting species-environment relationships are not entirely 

unexpected given previous findings in these catchments.  Kennard et al. (2007) 

identified a complex interaction that was correlated with abundance of H. galii in the 

Mary River where the negative effect of increased duration of zero flow spells was 

strengthened in wide streams with highly variable average discharge.  Generally, the 

interactions in the present study were non-linear with the relationship between local-

scale species abundance relationships and distance to mouth frequently showing a 

quadratic relationship (Figure 4-6).  For example, Figure 4-6 (b) shows how negative 

effects of gradient, evident in the headwaters and lowlands, are mediated towards the 

middle of the distance to mouth gradient in the Mary River.  Such cross-scale 

interactions between stream hydraulics and patch context have been found in other 

systems (e.g. Gresswell et al. 2006; Deschênes and Rodriguez 2007).  Torgersen et al. 

(2006) found similar spatial variation in the relationship between gradient and the 

abundance of Chinook salmon in Oregon streams, with the variation likely related to 

competitive interactions with different species present in different parts of the 

catchment.  A similar interaction could reflect the relationship between current 

velocity and stream size, where larger streams provide more velocity refugia, in the 

form of large woody debris, deeper pools and smoother flow near the substrate than 

small streams (Deschênes and Rodriguez 2007).  In the present study I suggest it may 

be a combination of both biotic and abiotic factors that lead to this interactive 

relationship between stream gradient and the abundance of the species.  Hypseleotris 

galii is a semi benthic species, typically residing in deeper slow flowing habitats with 

higher gradient streams known to be unsuitable habitat (Pusey et al. 2004).  However, 
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being a mobile species it must negotiate high gradient habitat units to embark on 

successful migratory movements between more suitable areas of the stream.  It is 

possible that an interaction with some underlying landscape-scale variable that defines 

the limits of its distribution within the catchment (Figure 4-4), such as temperature 

and/or salinity, make high gradient habitat units more of a barrier to movement in the 

lower reaches nearer to the river mouth.  Whereas closer to the headwaters, this 

relationship may be driven by the greater likelihood of presence of predatory species.  

Long-finned eels, Anguilla reinhardtii.  This species is commonly found in high 

gradient habitat units and shows distinct ontogenetic shifts in diet to include more fish 

prey species as they grow (Pusey et al. 2000a; Pusey et al. 2004) as well as 

progressive upstream movement with age (Pusey et al. 2004).  This ontogenetic 

change in diet and upstream habitat preference of a key predator may explain why 

high gradient habitat units in the headwaters appear more hostile to H. galii than in 

the middle reaches of the study catchments. 

4.4.4 Patch connectivity 

The fourth question addressed the theme of connectivity to identify the effective range 

of spatial autocorrelation evident in species abundance and local-scale species-

environment relationships.  Generally there was little residual spatial autocorrelation 

in either the abundance of H. galii or its local-scale abiotic relationships in both rivers 

given the scale of study (Figure 4-7).  Given the scale of intersite distances (75% of 

reaches were greater than 24km and 69km apart in the Albert and Mary Rivers 

respectively, Table 4-2), the medians of the posterior distributions of the  parameters 

suggest that most sites are effectively disconnected with respect to spatial variation in 

local-scale abundances.  This is consistent with previous studies that have shown the 

majority of the spatial variation in species’ abundance evident in fish assemblages of 

the Mary River could be accounted for by spatial variation in landscape-scale 

variables (Pusey et al. 1993; Pusey et al. 2000b; Stewart-Koster et al. 2007).  This 

finding suggests that for H. galii very little spatial variation in abundance was driven 

by density dependent effects such as dispersal and migration (Leibold et al. 2004; 

Cottenie 2005).  Such density dependent movements may well be present in the Mary 

and Albert Rivers at finer scales than the sampling resolution of the current study.  
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Studies of freshwater fish species where spatial autocorrelation has been shown to be 

important have had more study sites with much finer sampling resolution than the 

present study (Grenouillet et al. 2004; Gresswell et al. 2006).  More intensive spatial 

sampling  (Torgersen et al. 1999; Torgersen et al. 2006) in the future may improve 

model fit and provide more insight into these effects. 

4.4.5 From landscape ecology to metacommunity ecology 

The findings from this chapter suggest that Bayesian hierarchical models are a 

powerful tool for the landscape approach to river ecology.  The flexibility of the 

approach means many different model structures can be developed (Gelman et al. 

2004; Clark 2005; Cressie et al. 2009; Ogle 2009).  The model in the present study 

was guided by the themes of landscape ecology (Wiens 2002) and the conceptual 

framework of hierarchical filters (Tonn 1990; Poff 1997) to resolve several research 

questions regarding species’ distribution and abundance.  While these questions could 

certainly have been answered in other ways, the Bayesian hierarchical ZIP model 

provided a unified framework to resolve them with one model rather than a series of 

potentially disconnected analyses.  

The mobility of H. galii was most likely an important factor in the scales of 

environmental variation that were related to its distribution and abundance.  The 

movement of individuals in a population and assemblage between disconnected 

habitat patches is an important aspect of landscape ecology and as well as the 

emerging discipline of metacommunity ecology (Leibold et al. 2004; Holyoak et al. 

2005).  There is considerable interspecific variation in fish species’ movement traits 

which may affect the capacity of individuals to disperse, move across unsuitable 

habitat and undertake migrations for spawning (Gowan et al. 1994; Rodríguez 2002; 

Crook 2004).  In the next chapter I apply the Bayesian hierarchical ZIP model 

developed here to a suite of species with different movement characteristics to 

identify the metacommunity dynamics of fish species in the Mary and Albert Rivers.   
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Chapter 5: Movement traits explain multiscale species–

environment relationships of stream fishes 
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5.1 Introduction 

Landscape ecology has provided a framework for considering the hierarchical 

relationships within river systems, with six central themes outlining the interactions of 

different landscape scales on river ecosystems (Wiens 2002; Chapter 1).  The fifth 

theme of landscape ecology as outlined by Wiens (2002), states that organisms are 

important and implies a focus on species’ traits since different abiotic variables will 

impact each species according to their specific ecological traits, such as morphology, 

physiology or life history strategies (Chapter 1).  Trait based studies under the 

landscape ecology approach to river ecology where spatial and temporal patterns of 

functional traits are related to environmental variables at multiple scales are not 

uncommon (e.g. Persat et al. 1994b; Poff and Allan 1995; Willis et al. 2005).  

Following the landscape approach, these studies focus on the influence of the habitat 

patch and surrounding landscape on the distributions and abundances of species 

and/or functional groups.  More recently, such studies have taken a metacommunity 

approach to the analysis of species’ distributions and abundances (e.g. Falke and 

Fausch 2010; Peres-Neto and Cumming 2010). 

The metacommunity approach focuses on the role of the dispersal of organisms 

among discrete habitat patches across the landscape (Leibold et al. 2004; Holyoak et 

al. 2005).  In the absence of direct movement information such as mark-recapture or 

telemetry data, such studies rely on correlative relationships between environmental 

variables and species’ distributions and/or abundances to infer patterns of species 

movement among interconnected habitat patches (Cottenie 2005).  There are four 

metacommunity models which describe the nature of dispersal of organisms across 

the landscape, species-sorting (SS), mass effects (ME), patch dynamics (PD) and a 

neutral model (N) (Leibold et al. 2004; Cottenie 2005; Chapter 1).  The dominant 

scale of environmental variation that is correlated with assemblage structure provides 

an indication of the nature and extent of species movement throughout the river 

network (Brown and Swan 2010; Falke and Fausch 2010; Jacobson and Peres-Neto 

2010).  For example, strong relationships between assemblage structure and patch 

quality indicate an SS model as opposed to an ME model where large-scale (spatial) 

environmental variation drives assemblage structure (Leibold et al. 2004; Holyoak et 

al. 2005).  This equates to a direct effect of patch context.  However, under conditions 
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where dispersal is moderate but environmental variables are still important drivers of 

assemblage composition, SS and ME models may produce similar relationships 

between assemblage structure and the environment (Ng et al. 2009).  The ME model 

can be separated into two distinct SS models; SS with high dispersal (SS+HD), where 

local-scale and large-scale environmental variables are related to assemblage 

structure, and SS with limiting dispersal (SS+LD) where local-scale environmental 

variables are related to assemblage structure (Ng et al. 2009).  It would be expected, 

therefore, that each component species’ movement biology would influence the 

metacommunity model of the entire assemblage. 

The movement of individuals within river systems is an important process that 

governs the distribution and abundance of stream fish species (Schlosser 1991; 

Fausch et al. 2002).  The nature and extent of an individual fish’s movements will 

naturally vary across species (Lucas and Baras 2001; Rodríguez 2002).  For example, 

individuals of some species may move relatively short distances across areas with 

unfavourable environmental conditions to find more favourable areas while 

maintaining relatively small home ranges (Schaefer 2001; Gowan and Fausch 2002; 

Roberts and Angermeier 2007).  Others maintain relatively narrow home ranges, 10s-

100s of metres, but make frequent short term movements for foraging or refuge 

throughout this range (Crook et al. 2001; Crook 2004).  Such a limited home range, 

often referred to as the Restricted Movement Paradigm (Gowan et al. 1994; 

Rodríguez 2002), does not imply the species has a limited spatial distribution.  For 

example the Australian species, Pseudomugil signifer appears to have a relatively 

narrow home range and is not known to undertake mass large-scale migration and 

dispersal movements, however, it is widely distributed throughout catchments across 

eastern Australia (Pusey et al. 2004).  Dispersal of such species is likely to be a result 

of a diffusion like spread (Skalski and Gilliam 2000).  It may also be the case that 

some individuals from supposedly sedentary species do actually move relatively large 

distances (Gowan et al. 1994; Gowan and Fausch 1996).  Nonetheless, the generally 

restricted movements of sedentary species (Rodríguez 2002) suggest that individuals 

may only experience a limited range of landscape-scale abiotic conditions that 

constrain the local-scale abiotic conditions such as hydraulics and discharge at a given 

reach (Poff 1997). 
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In contrast, some stream fish species undertake relatively large movements for the 

purposes of feeding, spawning and dispersal (Humphries et al. 1999; Gowan and 

Fausch 2002; Crook et al. 2008).  Certain species appear to time their spawning so 

that juveniles are flushed downstream with elevated flows, ending up in estuarine 

waters (Pusey et al. 2004).  For example, several Australian Retropinnids exhibit 

facultative amphidromy, spending some time in marine and estuarine habitat as 

juveniles, presumably as a result of such post-spawning flushing, before migrating 

upstream into freshwaters (Pusey et al. 2004; Crook et al. 2008).  Other species such 

as Murray Cod, Maccullochella peeli, are potamodromous, undertaking long distance 

spawning migrations entirely in freshwater as adults before returning to their home 

territory (Humphries et al. 1999; Koehn et al. 2009).  Such long distance dispersal and 

migration movements are often related to abiotic factors such as thermal or discharge 

cues, or due to changes in habitat patch quality (Lucas and Baras 2001; O'Connor et 

al. 2005; DeGrandchamp et al. 2008).  Individuals of a species with the capacity for 

large-scale movement may experience a wide range of abiotic conditions from local to 

landscape scales.  A consideration of species’ capacity for movement in riverscape 

and metacommunity studies may improve our understanding of the scale of 

environmental variables most strongly related to fish species’ distributions and 

abundances.   

In Chapter 4 I introduced a model that incorporated four of the six themes of 

landscape ecology as described by Wiens (2002) to answer several questions relating 

to the relationship of a single species to environmental variables across multiple 

scales.  In this chapter I apply the same model to a range of species which can be 

qualitatively characterised as mobile or sedentary, to examine how the functional trait 

of mobility (Townsend et al. 1997) influences a species’ relationship to environmental 

variables from local to landscape scales (i.e. patch quality, patch context and 

connectivity).  While each species will display its own unique relationship to abiotic 

variables I hypothesise that species-environment relationships will differ between the 

two movement groups.  I hypothesise that if mobile species have the capacity to move 

out of local habitat units when abiotic conditions change (e.g. DeGrandchamp et al. 

2008), then their distribution is likely to be temporally dynamic with the potential for 

deterministic extinctions related to spatial and temporal variation in patch quality as 

defined by local-scale environmental variables such as instream hydraulics, 
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antecedent flows and habitat structure (e.g. Sjögren-Gulve 1994; Chapter 4).  In 

contrast, I hypothesise that the distribution of sedentary species is likely to be stable 

through time and related to patch context as defined by landscape-scale environmental 

variables such as long term hydrology or elevation.  Since sedentary species are only 

likely to experience their local habitat with limited capacity for long distance 

migration, I hypothesise that their local-scale abundances would be most strongly 

influenced by patch quality rather than patch context.  By contrast, since mobile 

species are more likely to experience a wide range of local habitats (patch quality) via 

individuals’ movements, I hypothesise that patch quality and patch context would 

both be related to the abundances of this species group.  Lastly, along with the 

hypothesised importance of patch context to mobile species, I hypothesise that 

residual spatial autocorrelation of both abundances and spatial variation in species-

environment relationships would be greater for this group.  When examined in the 

context of metacommunity models, this set of hypotheses amounts to the hypotheses 

that mobile species will display a SS+HD model and sedentary species will display a 

SS+LD model.   

Therefore, this chapter aims to answer the following questions: 

1. Are mobile species more likely than sedentary species to experience deterministic 

extinctions following changes to local-scale environmental conditions? 

2.  Is there a difference in the importance of patch quality and patch context between 

mobile and sedentary species? 

3.  Is there a greater extent of spatial autocorrelation in species abundance and local-

scale species-environment relationships for mobile species than sedentary species? 

4.  Which metacommunity model best describes each species group? 

 

5.2 Methods 

5.2.1 Data and statistical model 

Fish species’ distribution and abundance data for from the Mary and Albert Rivers 

were used for this analysis with observations at the reach scale and the habitat unit 



 

105 

scale (Figure 4-2; Chapter 4).  The Bayesian hierarchical zero-inflated Poisson model 

developed in Chapter 4 was applied to the nine most common native species within 

these river basins, including H. galii (Chapter 4), to test the above hypotheses.  Of the 

nine species, four were classified a-priori as ‘mobile’ and five as ‘sedentary’ from 

information in Pusey et al (2004) (Table 5.1).  Mobile species were those that are 

known to range widely throughout the catchment for both spawning and dispersal and 

who also display ontogenetic movements.  Sedentary species were those which are 

known to maintain a territory, or who are not known to disperse widely from their 

natal habitat (i.e. they do not undertake a distinct dispersal movement). 

Table 5-1: Fish species for which models were fitted with dispersal strategy and movement group (Pusey et 
al. 2004). 

Name Dispersal strategy Movement 
group 

Pseudomugil signifer Limited dispersal and 
movement.  

Sedentary 

Craterocephalus marjoriae Limited dispersal and 
movement. 

Sedentary 

Tandanus tandanus Limited dispersal and 
movement. 

Sedentary 

Melanotaenia duboulayi Generally limited movement  Sedentary 

Hypseleotris klunzingeri  Mass upstream dispersal 
cued by discharge 

Mobile 

Hypseleotris galii Mass upstream dispersal 
cued by discharge 

Mobile 

Retropinna semoni  Mass upstream dispersal 
cued by discharge; also 
facultative amphidromy 

Mobile 

Ambassis agassizii Mass upstream dispersal 
cued by discharge 

Mobile 

Anguilla reinhardtii Oceanic spawning followed 
by upstream movement of 

juveniles 

Mobile 

 

The environmental predictor variables used for all scales in the model were those 

outlined in Chapter 4.  Four landscape-scale variables were used as predictor variables 

for species’ spatial distributions in the Bernoulli component of the model; six local-

scale environmental variables (reach scale and habitat unit scale) and three landscape-

scale variables were used as predictor variables in the Poisson component of the 
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model to describe patch quality and patch context (Table 4-1).  These are not assumed 

to be a complete suite of mechanistically important variables but they cover a range of 

abiotic descriptors which are known to be related to fish distribution and abundance in 

these systems (Kennard et al. 2006b; Kennard et al. 2007) and they may be surrogates 

for other important processes.  The Bernoulli component of the model relates 

landscape-scale environmental variables to species spatial distribution while the 

Poisson component of the model relates local and landscape-scale environmental 

variables to local-scale scale species’ distribution and abundance.  By including and 

excluding predictor variables in pairs, following the approach in Chapter 4, there was 

a total of 63 different combinations from which to estimate the most probable model 

identified by the posterior model probability (see 4.1.3.2 Model selection, Chapter 4). 

Table 5-2: Predictor variables included in the models for all nine species organised by class.   

Presence/Absence Landscape Abundance 

Distance to 
mouth 

DISTM Distance to 
mouth 

DISTM 
Hydrology  

MDR 

DISTM2 DISTM2 CVD 

Elevation 
ELEV 

Hydrology LMDRU Instream 
structure 

PLANT 

ELEV2 WOOD 

    
Hydraulics 

GRAD 

    AVD 

 

 

5.2.2 Model analysis and interpretation 

Different components and parameters of the hierarchical ZIP model from Chapter 4 

resolve specific ecological questions following key themes of landscape ecology 

(Chapter 4) and address the hypotheses outlined in the Introduction.  The equations of 

the model and the schematic of the model from Chapter 4 are reproduced below 

(Figure 5-1).     
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Figure 5-1: Schematic of the hierarchical structure of the model, reproduced from Chapter 4, showing the 
two components of the model, Bernoulli and Poisson as left and right hand branches respectively.  The 
Bernoulli component estimates the probability of presence given landscape-scale variables that vary in 
space alone.  The Poisson component estimates the expected abundance given a hierarchy of predictor 
variables including local-scale habitat variables that vary through time at each site and landscape-scale 
variables that vary in space alone.   The level of the model at which each parameter is estimated is described 
as either Habitat unit, Reach, River or Region.  Parameter definitions are provided in the model 
description. 
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In addition to identifying the most probable model from a suite of 63 candidate 

models, a pseudo-R2, being the square of Spearman’s correlation coefficient of 

observed and expected values under the model, was calculated to summarise the 

variance explained by the final model for each species. 

5.2.3 Model components that assess species distribution - the importance 

of scale  

Comparing the Bernoulli classification rate (BCR) and the Poisson classification rate 

(PCR) for each species at the reach scale indicate the different scales of variables that 

are related to species distribution (Chapter 4).  The comparison of these two rates is 

used to quantify the temporal stability of species distribution.  By using only time-

invariant landscape-scale variables in the Bernoulli component of the model (Tmij in 

equation 5-3), the BCR quantifies the accuracy of the model in describing the spatial 

distribution of each species.  Since the Poisson component of the model is fit with 

spatiotemporal local-scale variables (Xlijk in equation 5-5) and time-invariant 

landscape-scale variables (Znij in equation 5-7), the PCR quantifies the accuracy of the 

model in describing the spatiotemporal distribution of the species.  A high BCR 

indicates that a species’ presence or absence within a reach can be explained by time-

invariant landscape-scale variables and indicates temporal stability in the species’ 

distribution.  A low BCR, coupled with a high PCR, indicates considerable temporal 

variation in species’ presence or absence within a reach,   explained by local-scale 

variables (i.e. patch quality) potentially influenced by landscape-scale variables (i.e. 

patch context).  Within the Bernoulli component of the model species were expected 

to be present where the probability of presence was 0.5 or above; whereas, under the 

Poisson component expected species presence was defined as observations where the 

expected abundance was >0.   

5.2.4 Model components that assess patch quality and patch context 

To assess relationships to patch quality and patch context the regression coefficients 

from the Poisson component of the model were analysed (Equations 5-4 – 5-7).  A 

significant relationship between species abundance and local-scale environmental 

variables such as instream hydraulics or structural habitat that is not dependent on 

large-scale variables such as distance to mouth or long term hydrology (patch 
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context), indicates an average catchment-wide relationship to patch quality.  This is 

identified within the model structure by a significant intercept term, 0iω  coupled with 

a non-significant slope term, 1iω  from the landscape scale component of the model 

(Equation 5-7).  A significant slope term in this component of the model, 1iω , 

indicates that the local-scale species-environment relationship depends on patch 

context.  Significance was defined where 95% of the posterior distribution of the 

parameter was on one side of zero.   

To test the hypothesis that local-scale relationships are less likely to depend on patch 

context for sedentary species compared with mobile species, I compared the 

proportion of significant slope terms between species groups using a two sample test 

for equality of proportions (R Development Core Team 2009).  To test the related 

hypothesis that sedentary species would be more likely than mobile species to have 

relationships to patch quality that did not depend on patch context, I compared the 

proportion of significant intercept terms where the associated slope terms were not 

significant, using a two sample test for equality of proportions (R Development Core 

Team 2009).   

The multilevel R2 ( 2
MR ) and the pooling factor (π) which were introduced in Chapters 

3 and 4 (Gelman and Pardoe 2006), quantify the importance of patch context for each 

local-scale relationship.  The first of these, 2
MR quantifies the variation in a local-scale 

relationship that can be explained by the landscape scale regression (patch context), 

and π quantifies the extent to which the local-scale relationships are estimated using 

data from across the catchment rather than from each reach separately.  These two 

measures themselves were pooled for each species group by summing the error sums 

of squares and the total sums of squares as follows: 
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Where V
k

is the variance operator estimated by 2
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E V k
kq
ε 

 
 

∑  indicates the sum of the posterior means of the variances of the model 

errors, kε , across the q species in each group and E V k
kq
ϕ 

 
 

∑  is the sum of the means 

of the variances of the hierarchical regression parameter of interest (Gelman and 

Pardoe 2006; Chapter 3; Gelman and Hill 2007).  The subscript M differentiates this 

multilevel-R2 from the “pseudo-R2” describing variance explained in the response 

variable.  

The pooling factor for each species, π, was pooled within species groups in a similar 

manner to quantify how much information was borrowed across reaches to estimate 

local-scale relationships.   
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Where ( )EV k
kq

ε∑ is the sum of the variances of the posterior means of the model 

errors across q species in each movement group and E V k
kq
ε 

 
 

∑  is the sum of the 

posterior mean of the variance of the errors associated with the hierarchical regression 

parameter for the q species in each movement group.  As with the standard pooling 

factor (Gelman and Pardoe 2006; Chapter 3) pooled π below 0.5 indicates local-scale 

relationships to patch quality, these were estimated primarily from reach level data, 

whereas a pooled π above 0.5 indicates information was pooled from across the 

catchment to estimate the local-scale relationships. 
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5.3 Results 

The model selection process resulted in a range of variables in the most probable 

model for each species from the 63 different models tested.  In the Bernoulli 

component of the model, which quantified how landscape-scale variables were related 

to the species’ spatial distribution, distance to river mouth was selected in the most 

probable model for all but two mobile species, R. semoni and H. galii, while elevation 

was selected for both these two mobile species and one sedentary species, P. signifer.  

Within the local scale of the Poisson component of the model, descriptors of hydraulic 

habitat and hydrologic descriptors were selected for all species (Table 5-3)).  The 

amount of woody debris and aquatic plant cover was selected in the most probable 

model for all species except A. reinhardtii, H. klunzingeri and T. tandanus.  In the 

landscape scale of the Poisson component of the model, used to quantify the effect of 

patch context, distance to river mouth was selected in the most probable model for 

three mobile and one sedentary species, while long term mean daily runoff was 

selected in the most probable model for three species from each group (Table 5-3).  

The pseudo-R2 values for the most probable models for all species were generally 

high, ranging from 0.48 to 0.8 with no patterns reflecting differences between mobile 

and sedentary species or between either river (Figure 5-2). 
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Table 5-3: Variables included in the most probable model for each species are indicated by an 
asterisk.  Variables are listed according to the component in the model in which they were used.  
Bernoulli variables were used to estimate the spatial distribution of each species, Poisson 
variables were used to quantify local-scale species’ abundance response to patch quality and 
Hierarchical variables were used to describe patch context and therefore quantify the effect of 
patch context on local-scale species’ abundance response to patch quality. 

 

Bernoulli 
component Poisson component 

Hierarchical 
Poisson 

component 

 DISTM ELEV GRAD AVD CVD MDR PLANT WOOD DISTM LMDR 

Mobile species           

R. semoni   * * * * * * * *  

A. reinhardtii *  * * * *    * 

A. agassizii *  * * * * * *  * 

H. klunzingeri  *  * * * *   * * 

H. galii  * * * * * * * *  

Sedentary 
species 

          

P. signifer * * * * * * * * *  

M. duboulayi *  * * * * * *  * 

C. marjoriae *  * * * * * *  * 

T. tandanus *  * * * *    * 
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Figure 5-2: Plots of observed against expected under the model for each species.  Species 1 – 4 are 
sedentary species and 5 – 9 are mobile species.  The pseudo-R2, being the square of Spearman’s 
correlation coefficient, is shown for each model.  For each model, n=420. 

 

5.3.1 Species distribution - the importance of scale  

There was a distinct difference between the two species movement groups in the 

ability of each component to accurately predict species’ presence or absence.  The 

Bernoulli component of the model predicted the spatial distribution of sedentary 

species with high accuracy, Bernoulli classification rates (BCR) above 0.8 (Figure 

5-3).  In comparison, the BCRs for mobile species were generally lower, with three of 

five species (H. klunzingeri, H. galii, and A. agassizii) having BCR’s of less than 0.6.  

However, the ability to predict spatiotemporal distributions of mobile species was 

greatly increased via the addition of the Poisson component of the model.  Using the 
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combined model, the Poisson classification rates (PCR) were above 0.8 for all species 

except one (Figure 5-3).  These results are generally consistent with the hypothesis 

that species mobility would influence the scale at which species distribution is 

regulated with sedentary species’ distributions more likely to be regulated by 

landscape-scale variables (high BCR) and mobile species’ distributions more likely to 

be regulated by landscape and local-scale variables (large improvement of PCR over 

BCR).   
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Figure 5-3: Classification rates for the Bernoulli and Poisson components of the most probable model for 
each species.  Solid bars indicate the BCR which comes from estimate of the spatial distribution by the 
Bernoulli component of the model, using landscape-scale predictors only.  Grey bars indicate the PCR 
which comes from the estimate of the spatiotemporal distribution by the Poisson component of the model, 
using local and landscape-scale predictors. 

  

The plots of predicted probability of presence across the landscape in both rivers 

show the expected spatial distribution of each species according to the Bernoulli 

component of the model (Figure 5-4).  While there is considerable uncertainty around 

many of these relationships, several species such as A. reinhardtii, T. tandanus, and 

M. duboulayi were expected to be present across the entire landscape gradient.  This 

suggests that the high classification rates in the Bernoulli component for these species 

had more to do with not sampling outside their spatial distribution than their 

distributions being influenced by the landscape variables at this scale.  Other species, 

such as H. galii, H. klunzingeri, C. marjoriae and A. agassizii were more likely to be 

present in the mid to upper reaches of the catchment.   
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Figure 5-4: The probability of species’ presence across the landscape gradient(s) in the most probable model 
for each species.  The expected spatial distribution for each species is defined as the portion of the landscape 
gradient where the probability of presence is above 0.5, indicated by the black horizontal line.  Where each 
species curve crosses below 0.5, the species is more likely to be absent than present. 

 

5.3.2 Abundance relationships to patch context and quality 

The landscape-scale regression coefficients in the Poisson component of the model 

identify the importance of patch quality across each catchment as well as the effect of 

patch context on these relationships.  There was a significant difference between the 

two mobility groups with respect to the importance of patch context, with 31% of 

slope terms across all mobile species significantly different from zero, but only 4% of 

slope terms were significant for sedentary species (p<0.01; Table 5-4).  This 

difference in the number of significant slope terms suggests relationships between 

species’ abundances and antecedent flows, local hydraulics and/or structural habitat 

were more likely to vary depending on distance to river mouth or long term hydrology 

for mobile species.  Of the sedentary species only T. tandanus displayed a relationship 

to patch quality that was dependent on patch context, with the relationship between 
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abundance and short term changes in variability of daily discharge dependent on long 

term mean daily runoff (Table 5-4).  For two mobile species, A. reinhardtii and A. 

agassizii only one local-scale relationship was significantly related to patch context 

(Table 5-4) with the other three mobile species showing at least seven significant 

relationships to patch context.   These findings support the hypothesis that mobile 

species responses to patch quality were more likely to depend on patch context when 

compared with sedentary species.  

There was also a significant difference between the two species mobility groups with 

respect to catchment wide relationships to patch quality. 22% of intercept terms 

associated with non significant slope terms for sedentary species were significantly 

different from zero and only 6% of the same for mobile species (Table 5-4).  This 

means that sedentary species were more likely than mobile species to display 

relationships to patch quality that were on average significant across the catchment 

but did not depend on patch context.  All sedentary species except P. signifer 

displayed independent relationships to patch quality which was the case for only two 

of the five mobile species, A. agassizii and A. reinhardtii.  Of the mobile species, only 

A. agassizii and A. reinhardtii displayed such relationships to patch quality.  This 

result supports the hypothesis that sedentary species are more likely than mobile 

species to be related to patch quality independently of patch context.   
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Table 5-4: Proportion of significant slope terms and intercept terms, from the hierarchical regression of the 
Poisson component (equation 5.7), quantifying how local-scale relationships vary according to patch 
context.  Columns for patch context include all slope terms in each model and identifies the proportion that 
were significant for each species and each species group.  Columns for patch quality include the total non 
significant slope terms and the number of associated intercept terms that were significant.   The difference 
in total slope terms across species is due to the different number of variables across scales included in the 
most probable model for each species.   

 Patch context Patch quality 

Mobile species Slope terms Sig. slopes Proportion Sig 
intercept 

NS slope 
terms Proportion 

R. semoni 28 16 0.57 0 12 0.00 

A. reinhardtii 10 1 0.10 3 9 0.33 

A. agassizii 14 1 0.07 1 10 0.10 

H. klunzingeri 30 7 0.23 0 22 0.00 

H. galii 28 9 0.32 0 19 0.00 

Total 110 34 0.31 4 72 0.06 

Sedentary species       

P. signifer 14 0 0.00 0 14 0.00 

M. duboulayi 14 0 0.00 5 14 0.36 

C. marjoriae 14 0 0.00 4 14 0.29 

T. tandanus 10 2 0.20 2 8 0.25 

Total 52 2 0.04 11 50 0.22 

 

 

The importance of the different scales of variables to species’ abundance via the 

hierarchical levels in the Poisson component of the model are summarised by the 

pooled 2
MR and π.  The results of these two quantities provide further evidence that the 

systematic importance of patch context differed between mobile and sedentary 

species.  Overall, there was a larger proportion of spatial variation in relationships to 

patch quality evident for mobile species than sedentary species.  For example, 29% of 

the variation in the relationship between abundance of H. klunzingeri and short term 

discharge variability (CVDAY) in the Mary River was explained by the landscape-

scale regression, patch context, while this was only 6% for the sedentary species P. 

signifer (Table 5-5).  There were some exceptions to this such as the relationship 

between P. signifer and instream woody debris (WOOD) in the Mary River, where 
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46% of variation could be explained by patch context, however, overall the pattern 

was consistent (Table 5-5).  The pooled 2
MR for each species group, which combines 

this information for each variable for each species group, highlights this with all 

pooled 2
MR  values for sedentary species less than 3.5% (Figure 5-5(a)).  The pooled π 

values did not show the same pattern with generally low values in both species groups 

which indicates relatively large spatial variation in local-scale relationships across the 

catchments (Figure 5-5(b)).  The exceptions being relatively high value for stream 

gradient (GRAD) for sedentary species and variability of daily discharge (CVDAY) 

for mobile species.  However, both of these were below 0.5 which indicates that there 

was generally a lot of spatial variation in all local-scale relationships across the 

catchments for both species groups.  These results suggest that while patch context as 

defined by long term mean daily runoff and distance to river mouth may not be 

important for sedentary species, it still may be relevant if quantified by other 

landscape-scale predictor variables.  
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Table 5-5: Multilevel R2, 2
MR , for each variable in the most probable model for each species showing how much spatial variation in each local-scale relationship was 

explained by patch context.  Bolded figures indicate the relationships in Figure 5-6 and Figure 5-7.  Like the adjusted-R2, it is possible for the multilevel R2 to be 
negative indicating a very poor fit for that component of the model (Gelman and Pardoe 2006). 

  Mobile species  Sedentary species 

  R. semoni A. reinhardtii A. Agassizii H. klunzingeri H. galii  P. signifer M. duboulayi C. marjoriae T. tandanus 

Mary Int 0.05 -0.02 0.02 0.03 0.21  0.38 0.04 0.00 0.13 

 GRAD 0.02 0.03 0.09 0.15 0.72  -0.01 0.00 0.02 -0.01 

 AVD -0.02 0.01 0.00 0.06 0.27  0.02 0.00 -0.03 -0.02 

 CVD 0.04 0.16 0.05 0.29 0.08  0.06 -0.01 0.00 0.10 

 MDR 0.11 0.05 0.02 0.05 0.16  0.06 0.12 0.01 0.04 

 PLANT 0.39 - -0.01 - 0.26  0.04 0.00 0.00 - 

 WOOD 0.16 - 0.03 - 0.66  0.46 0.00 0.01 - 

Albert Int 0.06 0.00 0.21 0.60 0.38  0.76 0.00 0.00 -0.06 

 GRAD 0.26 0.00 0.07 0.29 0.21  0.38 -0.01 0.00 0.01 

 AVD 0.05 -0.01 0.03 0.79 0.29  0.80 0.01 0.01 0.01 

 CVD 0.28 0.50 0.03 0.76 0.34  -0.29 0.09 -0.02 0.33 

 MDR 0.23 0.01 0.10 0.52 0.59  -0.25 0.08 -0.01 0.24 

 PLANT 0.00 - 0.97 - 0.85  0.04 -0.01 0.00 - 

 WOOD 0.49 - 0.05 - 0.66  0.96 0.00 -0.01 - 
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Figure 5-5: Pooled 2
MR and pooled π for each species group for each local-scale variable.  The pooled 

2
MR for each species group indicates how much spatial variation in local-scale relationships was 

explained by patch context across each species group.  The pooled π indicates the extent that local-
scale relationships were estimated using data from across the catchment versus reach scale data for 
each species group.  Below 0.5 indicates a lesser extent of catchment wide information rather than 
reach scale was used for estimation which indicates considerable spatial variation in the local-scale 
relationship.   

 

The results for P. signifer in the Albert River are somewhat unreliable with the 2
MR  for 

each variable being either very high or negative (Table 5-5).  This species is largely 
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absent in the Albert River, and where present it is only in low abundances. As a result in 

attempting to estimate relationships with such limited data, in the Albert the model has 

derived hierarchical relationships that are not plausible.  As such this species was 

removed from calculations of the pooled 2
MR  and pooled in π  (Figure 5-5). 

The hierarchical structure of the Poisson component of the model provided reach-level 

regression coefficients that describe the local-scale relationships between species’ 

abundance and patch quality.  Systematic spatial variation in these coefficients indicates 

the importance of patch context to each species.  The importance of patch context to 

mobile species is exemplified by the spatial variation in the local-scale relationships 

between A. reinhardtii and temporal variability in daily discharge (Figure 5-6).  On 

average in the Mary River, the relationship between increases in variability of daily 

discharge and abundance tended to be increasingly negative in headwater streams where 

long term mean daily runoff tends to be greater.  In the Albert River the slope of the 

change in the relationship between abundance and CV of daily flow  is similar to that of 

the Mary River, however, the relationship is generally positive rather than negative; 

meaning increases in temporal variability in daily discharge are correlated with increased 

abundance of A. reinhardtii.  The exceptions to this are reaches with relatively high long 

term mean daily runoff (black circles, Figure 5-6(b)) in the headwaters of Canungra 

Creek, a highly constrained subcatchment of the Albert River, where the relationship is 

negative.  A typical example for sedentary species is that of the relationship between 

stream gradient and C. marjoriae, which shows the small spatial variation that can be 

explained by hydrologic patch context as defined by long term mean daily runoff (Figure 

5-7, Table 5-5).  In both the catchments there was a generally negative relationship 

between abundance and gradient with some variation across reaches, and occasional 

positive relationships at sampled reaches in the middle of the hydrologic gradient.   
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Figure 5-6: Map showing the spatial variation in the relationship between A. reinhardtii abundance and temporal variation in CVDAY in the Mary (a) and Albert (b) 
Rivers.  Stream channels are shaded according to stream order and thickness indicates long term mean daily runoff, defining patch context.  Bubble sizes indicate 
the magnitude of the regression coefficient at each site.  Solid bubbles indicate a negative relationship; hollow bubbles indicate a positive relationship.  Inset plots 
show the reach-level coefficients for CVDAY (± 1 standard deviation) plotted along the LMDRU gradient to illustrate the fit of each hierarchical relationship. 
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Figure 5-7: Map showing the spatial variation in the local-scale relationship between C. marjoriae abundance and stream gradient in the Mary (a) and Albert Rivers 
(b).  Stream channels are shaded according to stream order and thickness indicates long term mean daily runoff, defining patch context.  Bubble sizes indicate the 
magnitude of the regression coefficient at each site.  Solid bubbles indicate a negative relationship, hollow bubbles indicate a positive relationship.  Inset plots show 
the reach-level coefficients for GRAD  (± 1 standard deviation) plotted along the LMDRU gradient to illustrate the fit of each hierarchical relationship. 
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5.3.3 Spatial autocorrelation/connectivity 

The effective range of spatial autocorrelation was generally quite low for both species 

groups (Figure 5-8).   The median value of the posterior for all parameters (i.e. the 

effective range of correlation) was less than 10km, with the exception of the relationship 

between abundance and plants in the Mary River which was approximately 16km for 

mobile species and 13km for sedentary species (Figure 5-8).  While these are relatively 

large numbers in terms of the movement of fishes across the landscape, they are relatively 

small given the sampling design where 90% of sampling locations are more than 10 km 

apart.  The similarity of each species group across both rivers refutes the hypothesis that 

residual spatial autocorrelation of both abundances and spatial variation in species-

environment relationships would be greater for mobile species. 
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Figure 5-8:  Boxplots showing the pooled posterior distributions of spatial autocorrelation parameters for 
abundances (Abun) and species’ relationships to local-scale patch quality variables (GRAD – WOOD).  Grey 
boxes are for sedentary species and white boxes are for mobile species.   

 

5.4 Discussion 

The aim of this chapter was to examine how species’ movement traits influenced species-

environment relationships across multiple scales within the landscape using the 

hierarchical zero-inflated Poisson regression model presented in Chapter 4.  The results 

from the study suggest that stream fish species’ responses to multiscale environmental 

variation depend on each species’ movement traits.  Each species was classified as either 

mobile or sedentary according to their movement traits (Table 5.1).  This study is not a 

test of the restricted movement paradigm, but a comparison of the effect of movement 
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biology on the scales of species-environment relationships.  Hypotheses about the 

importance of patch quality, context, connectivity and the importance of scale were 

considered in terms of species movement potential.  Overall, the two species groups 

displayed different relationships to environmental variation across the landscape.  The fit 

of the most probable models to the data were all reasonably good with pseudo-R2 >0.48 

for all species providing a sound basis for testing these hypotheses.     

The variation explained would be higher if not for the observations where the model 

expected very high abundances for some species such as H. galii, H. klunzingeri, M. 

duboulayi and R. semoni where the species was actually absent. As reported in Chapter 4, 

this tended to occur in reaches where the species occurred in high abundance on one 

sampling occasion in habitat that was generally unsuitable, thereby affecting model fit for 

that reach.  For example, H. galii generally prefers deeper slow flowing habitat (Pusey et 

al. 2004), however, one of the outlier observations abundance is expected to be about 545 

in what is a high gradient, high velocity habitat unit.  This poor prediction probably arises 

because on a different sampling occasion, 112 individuals were sampled in this high 

velocity habitat unit.  This unusual observation would have introduced a poor element of 

fit to the model for that sampling reach. Nonetheless, such relatively high pseudo-R2 

values suggest that species’ spatiotemporal distribution and abundance is indeed related 

to patch quality and patch context, however, it does not identify which is more important 

for each species. 

5.4.1 Species distribution – the importance of scale 

The first hypothesis, that landscape scale will be more important in regulating the spatial 

distribution of sedentary species than mobile species was supported by the model results, 

however, the findings are not entirely conclusive.  The high Bernoulli classification rates 

for sedentary species (Figure 5-3) suggest the spatial distributions of these species may be 

regulated by landscape-scale variables.  Examining the probability of presence across the 

landscape gradients of each species clarifies this finding.  Sedentary species such as M. 

duboulayi and T. tandanus were correctly predicted to be present across the entire 

landscape gradient which suggests that the high Bernoulli classification rate is not due to 

the landscape-scale variables regulating spatial distribution but rather that sampling 

occurred entirely within their spatial distribution.  There is considerable uncertainty 

around these relationships, which would likely be improved with sampling at more 
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reaches across the two catchments.  Nonetheless it does indicate temporal stability in the 

presence/absence of these two species.  The other sedentary species P. signifer and C. 

marjoriae had very high Bernoulli classification rates and are correctly predicted to be 

absent nearer to the river mouth (DISTM < 100m).  The distribution for P. signifer is 

somewhat confusing, as it is expected to be present across all elevations, yet unlikely to 

be present in reaches very close to the river mouth which are generally at low elevations.  

This may be an artefact of sampling as this species occurs rarely in the Albert River and it 

is in this catchment where sampling closest to the river mouth (i.e. low DISTM).  This 

could be somewhat resolved if the model treated the rivers separately in the Bernoulli 

component of the model as was done in the Poisson component.  Nonetheless, these 

results suggest that the predominant abiotic mechanism regulating sedentary species 

absences is spatial environmental variation at the landscape scale.  This do not imply that 

patch quality is not important for sedentary species, nor that they do not make small 

movements out of reaches under changes of habitat quality.  Individuals may well move 

out of a habitat unit as patch quality changes through time resulting in changes in 

abundance (Bélanger and Rodríguez 2002).  Catastrophic disturbance events such as 

drought or large floods could no doubt result in deterministic extinctions.  However, 

deterministic extinctions of these species were unlikely at occupied reaches despite the 

temporal variation in hydrology, instream hydraulics and structural habitat observed 

during the study.  This may potentially be due to an inability to migrate long distances.  

Mobile species may emigrate when patch quality declines, whereas sedentary species are 

perhaps more likely to remain within their home range. 

The Bernoulli classification rates for mobile species were generally lower than the 

sedentary species.  The two mobile species with high BCR, A. reinhardtii and R. semoni 

were similar to M. duboulayi and T. tandanus in that they were present at every sampling 

location therefore, sampling occurred entirely within their spatial distribution.  The 

classification rates for mobile species with low BCRs improved considerably via the 

Poisson component of the model (Figure 5-3).  These results provide some evidence in 

support of the hypothesis that species mobility can influence the scale of variables that 

influence species distribution.  Where a sedentary species was present at a site it tended to 

be present on each sampling occasion whereas there was some degree of temporal 

variation in the distribution of mobile species.  This suggests that absences for mobile 

species tended to be due to two separate mechanisms, landscape-scale processes 
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influencing their spatial distribution and unsuitable local habitat conditions at the site 

scale within the spatial distribution of that species.  These results shed some light on 

earlier analyses of the data from the Mary River used in the present study.  Pusey et al. 

(2000b) found temporally stable spatial distributions across multiple species in the Mary 

River leading to the conclusion that landscape-scale environmental variables regulated 

species presence at a sampling reach while local-scale variables influenced species’ 

abundances.  The temporal stability of the distributions of sedentary species across both 

the Mary and Albert Rivers was certainly evident in the present study, and supported this 

conclusion.  However, the distributions of mobile species were much more temporally 

variable, indicated by the high FPR, which was related to local-scale environmental 

variation (Figure 5-3).  Following a radio telemetry study of two stream fish species, 

Crook (2004) proposed a conceptual model of home range shift where individuals 

maintain home ranges for extended periods interspersed with periods of home range shift 

due to disturbance events, interspecific interactions, life history movements or changes in 

patch quality.  The results of the present study suggest that in the absence of severe 

disturbance such as a major flood, this conceptual model may fit the temporal dynamics 

of mobile species in these systems given that local deterministic extinctions are related to 

spatial and temporal changes in habitat quality. 

5.4.2 Patch quality and patch context 

The second hypothesis, that spatiotemporal variation in abundance of sedentary species 

would be most strongly related to patch quality independently of patch context was 

somewhat supported by the results.  Sedentary species had significantly more 

relationships to patch quality that did not vary with patch context than mobile species 

(Table 5-4– Patch quality).  This suggests that despite the apparent absence of 

deterministic extinctions in sedentary species, patch quality is strongly related to 

spatiotemporal abundance of sedentary species.  This is consistent with other findings 

which suggest that individuals of sedentary species can and do move out of habitat 

reaches when abiotic conditions change (Gowan et al. 1994; Bélanger and Rodríguez 

2002; Gowan and Fausch 2002; Crook 2004).  However, the low pooling factors for 

sedentary species coupled with the low 2
MR  values (Table 5-5, Figure 5-5) suggest that 

some spatial variation in local-scale species-environment relationships did exist but was 

not systematically related to patch context as quantified by the landscape-scale variables.  
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The spatial variation in species’ relationships to patch quality may be driven by other 

descriptors of patch quality that were not included in the model such as water temperature 

or biotic variables such as the presence of competitors and predators.  Equally, it is 

possible that other landscape-scale variables that describe patch context, such as 

catchment geology or different hydrologic indices, may be more relevant for these 

species.  For example,  Kennard et al. (2007) found that deeper water at the reach scale 

may moderate the negative effect of long term variability of daily flows (a landscape-

scale hydrologic index), for sedentary species T. tandanus, M. duboulayi and P. signifer.  

This refuge effect of deeper water buffering against increased variability of discharge 

suggests that cross-scale interactions may indeed influence the abundance of sedentary 

species (sensu Deschênes and Rodriguez 2007).    

The third hypothesis, that patch quality and patch context would be important in 

regulating the distribution and abundance of mobile species, was generally supported by 

the model results.  Mobile species displayed relationships to patch quality that depended 

on patch context indicated by the high pooled 2
MR values for the landscape-scale 

regressions (Table 5-5, Figure 5-5).  For example, the strength of the negative association 

between A. reinhardtii abundance and increasing variability of daily flows in the four 

months prior to sampling (CVDAY) was enhanced as long term mean daily runoff 

(LMDRU) increased across the catchments (Figure 5-6).  This may be explained by the 

impact of the hydrologic context of a reach, as described by LMDRU, on the preferred 

habitat of this species.  Catchments with high values of LMDRU generally have lower 

groundwater contribution to stream base flow (hydrology reference) making shallow 

riffles, the preferred habitat of A. reinhardtii (Pusey et al. 2004), vulnerable to drying 

during periods of high flow variability.  Changes in water velocity have been shown to be 

important cues for foraging related movement other species (Gowan 2007).  Being a 

highly mobile species, A. reinhardtii will be able to move out of such reaches resulting in 

lower abundances as velocity changes through periods of high flow variability in runoff 

driven streams.  While this is an example of a case where patch context was clearly 

related to a mobile species’ relationship to patch quality, the low pooled π values (Figure 

5-5) suggest that these relationships were not so clear across all mobile species.   

The generally low values of pooled π for mobile species (Figure 5-5) indicate that species 

relationships to patch quality were largely estimated with information from the reach 
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scale with little pooling of information across reaches.  This suggests that there are large 

differences in local-scale species environment relationships that are not explained by 

patch context as defined by the variables included in the model, DISTM and LMDRU.  

Other variables that describe patch context that are not included in the model, such as 

long term flow variability or upstream catchment area, may be driving this variation for 

mobile species.  For example, Kennard et al. (2007) found that long term variability of 

mean daily flow and the mean duration of zero flow days, which describe two aspects of 

the hydrologic context of a patch, interacted with local-scale riparian cover to regulate the 

abundance of mobile species A. reinhardtii, H. galii and A. agassizii.  Similarly, variables 

describing the land use context of reaches throughout the catchment, such as upstream 

and catchment land use characteristics (Peterson and Ver Hoef 2010) may quantify the 

importance of patch context for both mobile and sedentary species.  Finally, biotic 

interactions such as competition and predation will no doubt be strongly related to 

species’ distributions and abundances (Jackson et al. 2001) and these are not included in 

the models in any way.  This is discussed in more detail below.   

5.4.3 Spatial autocorrelation 

The final hypothesis that connectivity would be more important, indicated by higher 

effective range of autocorrelation, for mobile species than sedentary species was not 

supported by the results with little sharing of information among sampling reaches.  The 

effective range of autocorrelation was less than 16km for abundance and all species-

environment relationships for all species.  This is less than the 90th percentile of the 

intersite distances across both catchments, which suggests the majority of sites are 

effectively disconnected from each other with respect to species’ abundances and 

response to patch quality.  This is consistent with the generally low pooling factors 

(Figure 5-5) which indicated that these local-scale species-environment relationships 

were largely estimated separately across the sampled reaches.  These results are 

consistent with other research in these catchments.  Stewart-Koster et al. (2007) found 

pure spatial variation to be negligible in an analysis of assemblage structure in the Mary 

River.  The generally good fit of the models, indicated by the high pseudo-R2 values (as 

high as 0.8) coupled with the low residual spatial autocorrelation for abundance would 

suggest that environmental relationships strongly drive species’ distributions and 

abundances and that density dependent processes related to biotic interactions may be 
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unimportant at these scales (Leibold et al. 2004; Cottenie 2005; Stewart-Koster et al. 

2007).  However, such conclusions are speculative and would need to be tested with 

appropriate null models to determine this with certainty (Anderson et al. 2011).  

Nonetheless, there is a large amount of variation in species’ relationships to 

spatiotemporal changes to patch quality that remains unexplained, indicated by the low 

pooled  2
MR  values (Figure 5-5).  This variation may be in part due to biotic interactions 

related to overlap of species distributions (or lack thereof) that may influence species 

habitat preferences (Gilliam and Fraser 1987; Gilliam and Fraser 2001; Torgersen et al. 

2006).  These interactions have been considered in recent developments of conceptual 

models of metacommunity dynamics.  

5.4.4 Metacommunity dynamics 

The findings of this study, which have quantified the importance of environmental 

variables across spatial and temporal scales can be used to test for one of two species 

sorting metacommunity models that may fit for each species group.  The lack of species 

interactions in the statistical models of this study prevents the testing of other theoretical 

metacommunity models which involve interspecific interactions.  Nonetheless, the results 

suggest that a different species sorting model best describes the dynamics of each species 

group (Figure 5-9).  The relationships between mobile species abundance and patch 

quality, many of which are mediated by patch context (Table 5-4) suggest a probable 

species sorting model where species respond to changes in environmental variables 

(Leibold et al. 2004; Holyoak et al. 2005).  The temporal variation in mobile species 

presences and absences that can be explained by local-scale environmental variation 

(Figure 5-3) suggests that local-scale deterministic extinctions are common for this group 

of species.  This is consistent with the species sorting with high dispersal metacommunity 

model which results in the presence of sink populations in locations with unsuitable local-

scale habitat (Ng et al. 2009).  The relationships between sedentary species abundance 

and patch quality (Table 5-4), which were unrelated to patch context as defined by the 

landscape-scale variables in the model (Table 5-2), also suggest a species sorting model 

(Leibold et al. 2004; Holyoak et al. 2005).  However, the temporal stability of the spatial 

distributions of sedentary species (Figure 5-3) suggests an absence of sink populations 

across the landscape.  This is consistent with the species sorting model where organisms 
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sort into suitable habitats according to the environmental gradient (Cottenie 2005; Ng et 

al. 2009).   

 

 

Figure 5-9:  Theoretical models of the metacommunity dynamics of each species group adapted from Figure 4-1.  
Solid lines indicate strong relationships while dashed lines indicate weak relationships.  Mobile species displayed 
temporal variation in presence/absence that could be explained by landscape-scale and local-scale environmental 
variation (patch quality and patch context) and strong relationships between species’ abundances and local-scale 
environmental variation (patch quality) that was mediated by landscape-scale environmental variation (patch 
context).  Such relationships are consistent with the species sorting with high dispersal metacommunity model.  
Sedentary species displayed temporal stability in presence/absence that could be explained by landscape-scale 
environmental variation and strong relationships between species’ abundances and local-scale environmental 
variation (patch quality) which was consistent with the species sorting metacommunity model.   

 

Differences in metacommunity models among different functional groups of similar 

organisms are not unexpected (Leibold et al. 2004).  Organisms may display differences 

in their metacommunity structure due to functional traits (e.g. Pandit et al. 2009) or with 

seasonal variation in environmental conditions (e.g. Falke and Fausch 2010).  In a study 

of Great Plains fish assemblages Falke and Fausch (2010) found that during spring/early 

summer a species sorting model was the most likely model of metacommunity dynamics 

which changed to either a patch dynamics or neutral model during winter as habitats 

became more homogenous and water temperatures dropped.  In a study of 

macroinvertebrates in intertidal pools Pandit et al. (2009) found differences between 

habitat generalists and specialists in the apparent metacommunity model structuring the 
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assemblages.  Habitat generalists responded to spatial factors, displaying a patch 

dynamics or neutral model while habitat specialists responded to environmental variables, 

displaying a mass effects or species sorting model.  Such interspecific variation in 

metacommunity dynamics is consistent with the present study and highlights the potential 

advantage of using functional groupings rather than assemblage wide approaches to 

metacommunity study.   

As with any empirical study, the quality of the results and strength of any conclusions 

will be limited by the available data (Austin 2002).  An important consideration is the 

spatial resolution of available data as any patterns observed will be dependent on the scale 

of sampling (Qi and Wu 1996; Turner et al. 1998).  In the context of landscape ecology, 

relationships between biotic indices such as species diversity, and environmental 

variables may vary with changes in scale (Turner et al. 1998; Sandel and Smith 2009).  In 

the context of metapopulation and by extension metacommunity research, incomplete 

sampling of all habitat patches may lead to overestimation of migration distances and 

colonisation ability of species (Moilanen 2002).  These are important considerations in 

any metacommunity analysis, particularly in riverine systems where it may be virtually 

impossible to sample every habitat patch.  However, an explicit consideration of the scale 

of the study (Sandel and Smith 2009) and the dispersal capabilities of species within the 

metacommunity may help to overcome this.  For example, the data in the present study 

have a relatively coarse spatial resolution with 17 sampling reaches across the 9400 km2 

catchment of the Mary River and 11 reaches across the 782 km2 catchment of the Albert 

River (Chapter 2).  It is clear that there are many other potential habitat patches between 

each sampling reach.  The model results showing high correlations between 

environmental variation and species spatial and temporal distributions suggest that each 

sampling reach can be expected to comprise potential habitat patches for the assemblage.  

Further, the spatial distributions of all species in this assemblage extend beyond the study 

region (Pusey et al. 2004) which further suggests that each sampling reach is a potential 

habitat patch given suitable environmental conditions.  Nonetheless, the explicit 

consideration of the spatial and temporal scale of the analysis should not be ignored.   

Along with Chapters 3 and 4, the findings of this study highlight the importance of 

hierarchical relationships in riverine ecosystems.  In the next chapter I develop 

hierarchical models to aid management decision making.  By combining Bayesian 

networks with relative cost and benefit information, I develop Bayesian decision 
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networks to identify the most appropriate approach to riverine management and 

restoration where there is a clear ecological goal to achieve.   
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Chapter 6: The use of Bayesian networks to guide investments 

in flow and catchment restoration for impaired river 

ecosystems 
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6.1 Introduction 

There is little doubt that flow regulation has impaired river ecosystems globally 

(Nilsson et al. 2005) via the alteration of natural hydrologic regimes (Magilligan and 

Nislow 2005; Poff et al. 2007).  In recognition of the widespread degradation of rivers 

due to flow regulation there have been increasing calls to include aquatic ecosystems 

as legitimate users of water and to improve methods for the allocation of 

environmental flows (Naiman et al. 2002; Arthington et al. 2006; Poff et al. 2007).  

Considerable investments have been made in some countries to release water as 

environmental flows intended to restore aquatic habitat and biotic assemblages 

(Richter et al. 2006).  These environmental flow releases are often controversial (Poff 

et al. 2003), particularly in dry regions (Arthington and Pusey 2003; Bond et al. 

2008).   

Flow regulation seldom occurs in isolation from changes in catchment and riparian 

land use with vegetation removal, intensive agriculture and urbanisation also having 

wide ranging and cascading effects on river ecosystems (Strayer et al. 2003; Allan 

2004; Dolédec et al. 2006; Paul et al. 2006).  These impacts have significant effects 

on biotic assemblages including fish (Lohse et al. 2008; Bond et al. 2010), 

invertebrates (Heino et al. 2007) and aquatic macrophytes (Abou-Hamdan et al. 

2005), as well altering water quality and nutrient dynamics (Udy and Bunn 2001; Udy 

et al. 2006).  To address these and other related land-use impacts, a range of strategies 

has been used by river managers to improve water quality and river conditions.  These 

strategies include the construction of artificial wetlands and other water-sensitive 

urban design measures (e.g. Mitchell et al. 2007) and the creation of buffer strips and 

replanting of riparian vegetation (Lowrance 1998; Broadmeadow and Nisbet 2004). 

While it is well recognised that river conditions, including biodiversity, are affected 

by a combination of land-use and flow-related drivers; restoration efforts are often 

focused on one or the other.  In some instances it may be relatively clear as to which 

has the overriding influence (e.g. increased urban development compared to riparian 

degradation, Walsh et al. 2007), but the interaction among key drivers in many 

systems may be less apparent (Bunn and Arthington 2002; Allan 2004).  Constrained 

by limited budgets, it can be difficult to determine objectively the most effective 

restoration approach when faced with multiple drivers of river condition decline. 
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The aim of this chapter is to outline an approach that may be used as a decision 

support tool to identify an appropriate restoration strategy in the presence of multiple 

drivers of a river’s ecological condition.  I use Bayesian networks (BNs) to model key 

ecological relationships in terms of their potential for restoration in impaired streams.  

The use of BNs in natural resource management has grown rapidly in recent years, 

either to model the system under study or as a decision support tool (Varis and 

Kuikka 1999; Borsuk et al. 2004; Hart et al. 2005; Arthington et al. 2007; Pollino et 

al. 2007).  Examples of BNs as decision support tools in aquatic ecosystem 

management include the evaluation of different management scenarios for in-stream 

phosphorus loadings (Ames et al. 2005), the ecological impact of dryland salinity 

management (Sadoddin et al. 2005) competing stream flow allocations (Said 2006; 

Chan et al. 2011) and for risk assessment for biotic assemblages (Hart et al. 2005; 

Hart et al. 2006; Pollino et al. 2007).  Although many published examples apply to 

single response variables, the BN framework also can be used to identify effective 

management actions for multiple response variables, such as water quality and 

quantity (Said 2006; Hart and Pollino 2009).   

I present two case studies using BNs where flow and land-use related factors combine 

to influence a specific aspect of river health.  The first is a hypothetical example which 

focuses on dissolved oxygen (DO) in a small regulated and degraded stream to 

demonstrate the modelling approach and illustrate how a BN can be developed using 

expert knowledge alone.  The second is based on empirical data on factors influencing 

aquatic macrophytes in coastal streams in South-East Queensland, Australia (Mackay 

2007).  Finally, I illustrate how the costs of restoration can be incorporated into these 

conceptual models to identify the most cost-effective restoration approach and to help 

prioritise competing management actions using Bayesian decision networks (BDNs).  

 

6.2 Methods 

I constructed BNs and BDNs using the software package, Netica (Norsys 2005).  A 

BN is a graphical model representing the key factors of a system (nodes) and their 

conditional dependencies (Varis 1997; Korb and Nicholson 2004; Jensen and Nielsen 

2007; Figure 6 1(a)).  The dependencies are depicted as directed links or arrows 

connecting a ‘parent node’ to a ‘child node’, resulting in a directed acyclic graph 
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(DAG).  In a DAG, no path starts and ends at the same node and no feedback loops 

are allowed so that connecting nodes do not become ancestors of their ancestors 

(Jensen and Nielsen 2007).  The network is quantified by estimating the conditional 

probability distributions within the network or populating conditional probability 

tables (CPTs) associated with the nodes in the network.  The CPTs can be specified 

by experts or learned from data using one of several learning algorithms depending on 

the complexity of the network, such as the Bayesian counting-learning algorithm or 

the Expectation-Maximisation algorithm (Korb and Nicholson 2004; Jensen and 

Nielsen 2007).  

 

 

Figure 6-1: (a) An example of the structure of a Bayesian network with common parent nodes (X and U) 
and potentially conditionally independent nodes (Y and Z), (b) an example of a Bayesian decision network, 
showing a decision node with associated cost node representing the costs of implementing the states of the 
decision node and a utility node representing the desirability of the states of the child node. 

 

Conditional independence is fundamental to BNs (Korb and Nicholson 2004).  This 

property allows an examination of both the independent and interactive (conditional) 

effects of some environmental change on the modelled response variable.  

Furthermore, a BN requires the assumption of the Markov property which means that 

each CPT can be populated by only considering the immediate parent nodes of the 
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node being quantified.  By specifying the probabilities of the states of a parent node(s) 

in a BN, the probabilities of any child nodes are updated via the process of belief 

updating.  Thus, when a particular state of a parent node is observed, subsequent 

probabilities of any child nodes, P(Y|X=x), are estimated using Bayes Theorem 

(Equation 6.1) and the chain rule from probability theory (Korb and Nicholson 2004).     

( ) ( ) ( )
( )xP

yPyxPxyP || =  (6.1) 

Where P(y) is the prior probability of the child node and P(x) is a normalising 

constant.  Prior probabilities can come from expert opinion, preliminary data from the 

system or data from research on similar systems.  Prior probabilities can be 

informative, thereby influencing model outputs, or uninformative, making little or no 

difference to model outputs.  The use of Bayes’ theorem to estimate the CPTs 

provides the opportunity to use data and expert opinion, together or in isolation, to 

populate the network (Korb and Nicholson 2004; Pollino et al. 2007).   

In addition to modelling relationships between environmental drivers and ecological 

response variables, I modified the BNs to incorporate the relative costs and benefits of 

potential management actions (Ames et al. 2005; Said 2006).  Such models are known 

as BDNs (Figure 6-1(b)), and are used to identify the most appropriate decision (here, 

restoration action) given estimated costs and benefits (Korb and Nicholson 2004; 

Jensen and Nielsen 2007).  A decision node(s) is included in the network whose states 

are the possible restoration actions; for example, different kinds of environmental 

flow releases. The effect of the decision node is to alter the states of its child nodes 

according to the possible restoration actions.  Decision nodes can have an associated 

cost function that represents the actual or relative cost of each decision state (Jensen 

and Nielsen 2007).  The terminal node or response variable can have an associated 

utility function that reflects how desirable each management intervention is in terms 

of its modelled outcome (Zhu and McBean 2007).  By including a cost and utility 

node in the network, the BDN can identify the most cost-effective restoration 

decision, that which maximises the expected utility within the network (Jensen and 

Nielsen 2007).  The expected utility is the sum of the possible utilities associated with 

the terminal node resulting from each restoration action, weighted by the probabilities 

of each state of the terminal node (Jensen and Nielsen 2007).  The restoration decision 
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that maximises the expected utility is that which provides the most desirable 

ecological outcome relative to its costs, thereby combining ecological response with 

economic constraints. 

6.2.1 Case study 1 – reducing low DO extremes 

The concentration of DO in a stream can fluctuate widely in response to physical 

factors that influence solubility (e.g. temperature, atmospheric pressure, turbulence 

and re-aeration), chemical factors (e.g. oxidation of pollutants) and biological factors 

(e.g. photosynthesis and respiration).  In degraded streams and rivers, low oxygen can 

result from a combination of low flows, high water temperatures, and/or excessive 

aquatic plant or organic matter respiration.  Some of these causal factors, such as in-

stream temperature, are in turn a function of other physical factors such as riparian 

shading and groundwater inputs (Rutherford et al. 2004; Webb et al. 2008).  

Similarly, aquatic plant production and respiration are primarily driven by light 

regime (e.g. turbidity and riparian shading), temperature and nutrients (Bunn et al. 

1999; Wetzel 2001).   

The relationship between DO and these environmental factors can be summarised in a 

conceptual model which shows causal linkages between numerous factors that exert a 

positive or negative influence on each other and ultimately on DO (Figure 6-2(a)).  To 

show how these interactions can be modelled in a BN I simplified the conceptual 

model to include only the major factors that would influence DO in a hypothetical 

small, regulated river: riparian cover (including light and temperature and its 

influence on plant photosynthesis /respiration) and flow (Figure 6-2(b)). These are 

two of the primary factors that a manager may be able to manipulate through stream 

restoration to prevent low oxygen extremes.  In this example, each of the nodes in the 

model comprises two or three states. 
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Figure 6-2:  (a) A conceptual diagram of the major environmental factors that influence dissolved oxygen 
(DO) concentrations in streams including biotic factors such as aquatic plant photosynthesis/respiration and 
abiotic factors such as temperature.  Solid arcs indicate the causal relationships included in the subsequent 
networks.  (b) Simplified network showing key factors and their interconnectedness affecting dissolved 
oxygen concentrations in a small, regulated stream.  The histograms in each node are a graphical 
representation of the probabilities of each category of each node. (c) BN showing conditional probabilities of 
the three states of DO concentration given good riparian cover. (d) BN showing conditional probabilities of 
the three states of DO concentration given high water velocity. 

 

In this hypothetical example of a small, degraded and regulated river, I have set the 

CPTs for demonstration only with the probability of high water velocity below the 

reservoir to be 10% and low velocity as 70%, and the probability of poor riparian 

cover to be 70% (Figure 6-2(b)).  In a real example, these could be informed by 

available flow release data and assessments of riparian condition.  These nodes both 

contribute directly to water temperature, which in turn influences the DO 

concentrations.  Riparian cover influences light regime and aquatic plant 

photosynthesis/respiration, which can also lead to extremes in DO.  Stream flows also 

directly influence DO through turbulent mixing and re-aeration (Figure 6-2(a)).  The 

network has three categories of DO concentration; good water quality throughout the 
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year (zero low DO events), episodic poor water quality (infrequent low DO events), 

or persistent poor water quality (frequent low DO events).   

The property of conditional independence means the conditional probability of each 

category of DO depends directly on the states of the three parent nodes only (water 

velocity, aquatic plant photosynthesis/respiration and ambient temperature). 

Therefore, each DO state has a conditional probability for each combination of these 

nodes, as specified in Table 6-1.  Again, the values in this CPT are hypothetical and 

intended for illustrative purposes only.  The probabilities of each state of the 

temperature and plant nodes, represented by CPTs that are not shown, depend on their 

parent nodes: riparian cover and water velocity.  It is via this causal pathway that 

riparian cover and flow releases can influence DO. 

 

Table 6-1:  Conditional Probability Table for dissolved oxygen (DO) concentrations with respect to stream 
temperature, aquatic plant photosynthesis/respiration (P/R) and water velocity.  Probabilities in this table 
are hypothetical and devised for illustrative purposes only. 

Water 
velocity 

Ambient 
Temperature 

Aquatic 
plant 
P/R 

No low 
DO 

events 

Low 
frequency 
of low DO 

events 

High 
frequency 
of low DO 

events 

High High High 20 60 20 

High High Low 70 30 0 

High Low High 90 10 0 

High Low Low 100 0 0 

Medium High High 10 50 40 

Medium High Low 50 40 10 

Medium Low High 80 20 0 

Medium Low Low 90 10 0 

Low High High 0 0 100 

Low High Low 60 30 10 

Low Low High 50 30 20 

Low Low Low 80 20 0 
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6.2.1.1 Identifying management options to reduce low DO events  

In this hypothetical example, the goal of reducing the frequency of low DO events in 

a degraded stream can be accomplished by increasing flows (to increase re-aeration 

and reduce heating) and/or by increasing riparian canopy cover to reduce temperature 

and aquatic plant growth (Figure 6-2).  BNs such as this can be used to identify key 

drivers of ecological health that are under some control by river managers.  These 

networks can then be explored to understand the interrelationships among the nodes 

and their influence on the response variable of interest.  It is possible to specify 

observed conditions by setting 100% probability of a specific state of any given node 

in the network (Figure 6-2(c) and Figure 6-2(d)).  The probabilities of the states of 

any conditionally dependent nodes are subsequently updated via belief updating.  If 

riparian cover were observed to be in “good” condition, then according to the BN the 

probability of zero low DO events would be 77.5%, and there would be only a 4% 

probability of frequent low DO events (Figure 6-2(c)).  If the hypothetical stream 

were observed to have “high” water velocity, under this network there would be 

approximately 61% probability of zero low DO events (Figure 6-2(d)).  Each network 

can be manipulated as such to evaluate the expected influence on the target ecological 

endpoint for any given scenario, including combined changes in riparian condition 

and water velocity (not shown). 

The simple networks in Figure 6-2 illustrate the assumed causal relationships between 

DO concentration and important environmental drivers that river managers might 

manipulate through restoration.  However, they do not reflect the relative costs 

associated with these investments.  Prioritising investment between two (or more) 

potential management options (levers) may also require consideration of the relative 

economic and social costs of restoration alternatives.  These costs are not necessarily 

linear in relation to increasing management intervention.  For example, I might expect 

that the cost function for improving riparian condition will be related to land tenure 

(ownership) and initial condition (Figure 6-3(a)).  At one extreme, improvements to 

riparian condition on well-managed public land might be achieved at a relatively low 

cost (e.g. maintenance of fences, weed control).  At the other extreme improvements 

in riparian condition on poorly managed private land might be possible only with 

expensive restoration requiring physical works to restore stream banks, fencing, 

planting and weed control and stewardship payments (Qureshi and Harrison 2001).  
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Figure 6-3:  Hypothetical cost functions for (a) riparian restoration whose costs increase in a relatively 
linear and incremental way depending on initial riparian condition and land tenure status, and (b) flow 
regime restoration whose costs increase in a more stepped manner depending on the degree of 
infrastructure change that may be required to restore a more natural flow regime. 

 

In contrast, it might be expected the cost function for improvements to the flow 

regime to have a distinctly stepped function (Figure 6-3(b)).  For example, initial 

changes to the flow regime might be achieved through manipulation of the operational 

rules of the reservoir with little cost other than the volume of water used.  Further 

gains might only be possible if an investment in infrastructure is made, such as a new 

spillway, after which additional improvements may be possible because of increased 

flexibility in releases.  Ultimately, further restoration of the flow regime might only 

be possible by completely removing the infrastructure at significant cost (Figure 

6-3(b)).  Thus, Figure 6-3 is a simple illustration of how costs of river restoration 

might vary according to the initial conditions at any given stream reach.  These cost 

functions can be integrated into a BN along with utility values for restoration 

outcomes to develop BDNs. 

To illustrate this, I continue with the hypothetical example of a small regulated river 

in a disturbed catchment with poor riparian cover (Figure 6-2).  This BDN is 

somewhat more complex than the initial BN because it incorporates the pre-

restoration riparian and water velocity conditions (Figure 6-4).  There is also an 

additional set of nodes reflecting the decision to be made between the available 

restoration options (decision node, “restoration decision”), the costs of available 

actions (cost node) and the value or utility of the management outcomes (utility node).  
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Since the initial BN (Figure 6-2(b)) was developed for an impaired site with a highly 

modified catchment, I assume that the most expensive level of riparian restoration 

would be required to attain a desirable state of DO.  The restoration options I included 

in the decision node are complete riparian restoration alone, the first two flow options 

identified in Figure 6-3(b) (changing operational rules; modifying infrastructure) and 

the combinations of these actions.  The “no restoration” action is also included, for a 

total of eight options (Figure 6-4). 
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Figure 6-4:  Bayesian decision network incorporating costs of flow release versus riparian revegetation and 
the utility of each state of DO concentration.  The decision node, restoration decision, illustrates the decision 
that maximises the utility based on costs and utilities from Table 6-2 averaged across all conditions in the 
network, operational changes to the reservoir (utility = 0.481).  

 

Hypothetical examples of the relative costs for each of the eight restoration options 

(cost node) are listed in Table 6-2.  These values are standardized on a scale of 0 to -1, 

with the most expensive option (full riparian restoration and modifying dam 
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infrastructure) having the greatest relative cost (-1).  Less expensive options would 

have values greater than -1; operational changes to the reservoir would be the least 

expensive intervention with a cost of -0.15 (Table 6-2).  Relative utility is also 

assigned on a standardized scale, but with positive values (0 to 1) to reflect the 

desirability of the outcomes, and high water quality having the maximum utility of 1 

(Table 6-2).  It is worth noting that a high frequency of low DO events incurs a 

negative utility due to the likelihood of additional costs associated with water quality 

treatment or removal of nuisance algae and dead fish, to remediate poor water quality.  

 

Table 6-2:  Cost and utility functions for the restoration options in Figure 6-4.  Relative costs are 
standardised from 0 to -1 and devised from the cost functions illustrated in Figure 6-3 with the most 
expensive restoration action, riparian revegetation + operational changes + new spillway assigned a value of 
-1.  The utility function is also on a (0, 1) interval with the best water quality outcome assigned a value of +1.  
The most undesirable water quality outcome has a utility of -0.2 which represents likely costs of clean up 
due to poor water quality. 

Restoration action Cost 

Operational changes + new spillway -0.6 

New spillway -0.5 

Initial operational changes -0.15 

Riparian restoration -0.4 

Riparian + initial operational changes -0.55 

Riparian + new spillway -0.9 

Riparian + operational change + new spillway -1 

No restoration 0 

Water quality outcome Utility 

No low DO events 1 

Low risk of low DO events 0.4 

High risk of low DO events all year -0.2 

 

The numbers in the decision node in Figure 6-4 show the expected utility of each 

restoration action according to the BDN, without specifying a specific ecological state 

(similar to Figure 6-2(b)).  Under this model, operational changes to the reservoir and 

to a lesser extent riparian restoration are sensible options to manage DO levels, with 
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the highest utilities of 0.48 and 0.4, respectively.  It is possible to specify ecological 

states in the network represented in Figure 6-4, in the same way as in Figure 6-2(c) 

and (d), to identify which of the eight restoration strategies maximises return (utility) 

for a specified set of historical conditions (Table 6-3).  For example, where the 

preceding conditions were good riparian cover and a low water velocity, the 

restoration option with the maximum utility in the BDN (0.783) is a flow operational 

change, followed closely by no restoration (0.776).  By contrast, when preceding 

conditions were poor riparian cover and a high water velocity, the recommendation 

that would come out of the BDN would be no restoration (0.583); however, riparian 

restoration would also yield a relatively high expected utility (0.552).  Where 

preceding conditions are poor riparian cover and low water velocity, the restoration 

action that maximises utility within the BDN would be operational changes to the 

reservoir (0.373), while combining this with riparian revegetation would also result in 

a relatively high expected utility (0.369).  Of course, these outcomes reflect the 

information contained in the model and would be sensitive to the cost and utility 

functions used as well as the ecological relationships described in the CPTs.  

Nonetheless, these illustrative examples demonstrate how a BN and BDN can be used 

to assess restoration options in a systematic and quantitative fashion.   
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Table 6-3:  Expected utilities of different restoration options for dissolved oxygen scenarios under two 
scenarios of preceding conditions from Figure 6-4.  Utility values for the restoration option with the 
maximum expected utility for each scenario are bolded. 

Preceding conditions    

Water velocity Low High Low 

Riparian Cover Good Poor Poor 

Restoration option Utility Utility Utility 

Spill Op Change 0.354 0.024 -0.036 

Spillway 0.443 0.124 0.043 

OpChange 0.783 0.474 0.373 

Level 4 Riparian 0.402 0.552 0.349 

Level 4 Rip OpChange 0.397 0.424 0.369 

Level 4 Rip Spill 0.057 0.074 0.03 

Level 4 Rip SpillOp -0.034 -0.025 -0.059 

No Restoration 0.776 0.584 -0.02 

 

6.2.2 Case study 2 – managing nuisance aquatic macrophytes in rivers 

Macrophytes are key components of aquatic ecosystems and their biomass, species 

composition, structure and distribution in the water column may strongly influence 

hydraulic habitat availability, water quality and the structure of other biotic 

assemblages (Dodds and Biggs 2002; Strayer et al. 2003; Taniguchi et al. 2003).  

However, anthropogenic disturbance to riverine ecosystems can result in excessive 

macrophyte growth, loss of native macrophyte species and invasion by alien species 

(Bunn et al. 1998; Demars and Harper 1998; King and Buckney 2000).  Excessive 

macrophyte growth can impede water flow and increase flood risks in canals and 

rivers, obstruct water intake pipes, reduce the recreational value of waterways and 

taint water intended for human consumption (Dunderdale and Morris 1996; Acosta et 

al. 1999; Sosiak 2002).  

In this example I illustrate the Bayesian approach with a more complex network 

describing the relationship between light availability, hydrology and aquatic 

macrophyte cover in streams.  The majority of CPTs in this network are populated by 
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observed data on the influence of flow regulation and riparian canopy cover on stream 

macrophyte communities in southeast Queensland, Australia (Mackay 2007). 

6.2.2.1 Data collection 

Data for the network were obtained from macrophyte surveys conducted at 19 

locations (32 sites) in regulated and non-regulated river systems in southeast 

Queensland, Australia (Mackay 2007; Chapter 2).  Sixteen of the 32 sites were 

regulated directly by dams or weirs.  All sites were surveyed on two occasions 

(November 2003 and February–March 2004).  Each site was an individual hydraulic 

habitat unit (riffle, run, pool) varying in length from 20–40 m.  Macrophyte cover 

exceeded 100% when multiple layers of macrophyte growth occurred within a 

transect.  These data are related to hydrologic variation as well as light availability at 

each site.   

6.2.2.2 Description of the macrophyte network 

The BN describing macrophyte cover (MAC_COV) is based on the conceptual model 

of Riis & Biggs (2001), which describes the key environmental drivers of macrophyte 

assemblage structure in terms of resource supply (nutrients, light) and disturbance 

frequency (hydrologic and hydraulic factors; Figure 6-5), which can be characterised 

by a variety of variables.  I used factors that influence light conditions and availability 

(LIGHT_AVAIL) and those that influence hydrologic conditions (FLOOD_DIST) as 

drivers of MAC_COV (Figure 6-5), as these variables are known to influence 

macrophyte assemblage structure in southeast Queensland (Mackay 2007) and they 

represent environmental drivers potentially under management control.   
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Figure 6-5:  Bayesian network of aquatic macrophyte cover based on data collected from streams in 
southeast Queensland.  The network shows two distinct constraints on aquatic macrophyte cover, resource 
limitation through shading and turbidity and disturbance regime through flood frequency.  Where 
continuous nodes are populated by data, the mean ± standard deviation of the data is shown in the lower 
part of the node itself. 

 

LIGHT_AVAIL is a function of two observed predictor variables, riparian canopy 

cover (RIPCOV) and turbidity (TURB; Figure 6-5).  RIPCOV indicates the 

percentage of stream area that is directly covered by the riparian canopy.  As such 

RIPCOV is a function of stream width and has a single parent node in the network, 

(WIDTH). LIGHT_AVAIL has three categories (high, moderate, low).  High 

LIGHT_AVAIL represents favourable light conditions for macrophyte growth (i.e. 

low riparian canopy cover and turbidity) whereas low LIGHT_AVAIL represents 

poor light conditions for macrophyte growth (i.e. high riparian canopy cover and 

turbidity).  The variable FLOOD_DIST is a function of two observed variables, 

NUMFLOOD and DAYFLOOD, which describe the frequency and timing of high 

flow events respectively (Figure 6-5).  A high flow event, or spate, is defined as an 

event where mean daily discharge is seven times the long-term median daily flow 

(Riis and Biggs 2003) and independent events had to be separated by at least 7 days.  

NUMFLOOD indicates the number of spates that occurred in the 12 months prior to 
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sampling, whereas DAYFLOOD indicates the number of days since the last spate 

prior to sampling.  FLOOD_DIST has three categories (high, moderate and low).  

Low FLOOD_DIST indicates no flooding or that the last spate occurred more than 

180 days prior to sampling.  This represents hydrologic stability and hence 

opportunities for macrophytes to recover from prior flood disturbance and/or colonise 

new habitats (Biggs 1996).  High FLOOD_DIST indicates high spate frequency and a 

spate(s) occurring in the 30 days prior to sampling.  Both NUMFLOOD and 

DAYFLOOD are a function of FLOW_STAT, which indicates whether the stream is 

directly regulated by either a dam or a weir.  Regulated sites experience reduced flood 

frequency and reduced flood magnitude.  Conditional probability tables for this BN 

were learned from data using the counting–learning algorithm in Netica (Norsys 

2005).   

6.2.2.3 Identifying management options for aquatic macrophyte control 

Having developed a BN that predicts the response of macrophyte cover to multiple 

drivers relating to light availability and hydrologic disturbance, it is now possible to 

incorporate cost and utility nodes to identify an effective approach for aquatic 

macrophyte control.  In this example, I have made specific assumptions about the 

utility of the presence of different levels of macrophytes in the stream: that the 

presence of a relatively low density of macrophytes is desirable to increase habitat 

heterogeneity and biotic diversity but that excessive macrophyte cover is detrimental 

to ecosystem structure and function.  A utility value of -0.2 is assigned to high 

macrophyte cover to reflect the cost of manual removal that may be necessary with 

excessive macrophyte growth.  A utility of 1 is assigned to zero macrophyte cover and 

values in the low range, which provides some habitat and structural diversity without 

clogging the channel.  Finally, a utility of 0 is assigned to intermediate cover values as 

this level of cover is approaching the level of infestation.  However, the utility values 

assigned to cover values in practice would depend upon the position of the site(s) of 

interest within the stream network.  In heavily shaded headwater streams that are 

naturally devoid of vascular macrophytes (or characterised by non-vascular 

macrophytes) greater utility value would be assigned to zero or low cover categories.  

The utility values used in this example are representative of lowland streams.   
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In this example, several management interventions are available to control aquatic 

macrophytes, again based on riparian restoration and providing high flows through 

environmental flow releases.  I defined a BDN to allow for environmental flows to be 

provided monthly, bimonthly or infrequently; alternatively, investment can be made 

in riparian restoration, thereby influencing light conditions and flood disturbance 

(Figure 6-6).  The cost function used for these interventions is again scaled from 0 to  

-1 (sensu Zhu and McBean 2007).  The relative cost of environmental flow delivery 

was scaled according to stream size, based on the hydraulic geometry relationship 

between discharge and channel width (Newbury and Gaboury 1993).  The impact and 

cost of riparian revegetation depended on initial riparian condition (Figure 6-6, Table 

6-4).  It is unlikely that in monetary terms, the cost of flow restoration will equal 

riparian restoration.  Flow restoration costs could include significant capital works 

and ongoing payments for water allocation whereas riparian restoration might require 

some initial capital costs and minor ongoing maintenance.  In the absence of cost data, 

I explored the impact of the relative weighting of these cost functions with two 

different scenarios: (1) cost function 1 where the most expensive riparian revegetation 

is half the cost of the most expensive environmental flow regime, and (2) cost 

function 2 where the most expensive riparian revegetation is a quarter of the cost of 

the most expensive flow regime (Table 6-4).   
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23.5

7.7 ± 8.8

Riparian cover
0 to 30
30 to 70
70 to 100

22.5
38.8
38.7

55.7 ± 29

Management Intervention
Monthly Flows
Bi monthly Flows
Infrequent flows
lvl1 to lvl2 Rip
lvl1 to lvl3 Rip
Lvl2 to lvl3 Rip
No Intervention

0.42768
0.32274
0.47811
0.29190
0.16286
0.46701
0.44553

Costs

Utility

Flow status
Regulated
Unregulated

60.7
39.3

Stream width
0 to 5.9
5.9 to 9.6
9.6 to 20
20 to 50

26.9
23.0
33.5
16.6

13.4 ± 11

Macrophyte cover (%)
0
0 to 10
10 to 33
33 to 66
66 to 130

36.4
23.5
18.3
11.5
10.2

20.8 ± 31  

Figure 6-6:  Bayesian decision network for the control of aquatic macrophytes in southeast Queensland 
streams.  The decision node, Management Intervention, illustrates that based on cost function 1 from Table 
6-4 and utilities described in text, the decision that maximises utility averaged across all conditions in the 
network is infrequent flows (utility = 0.478). 
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Table 6-4:  Two possible cost functions for the control of aquatic macrophytes standardised to a negative (0, 
1) interval where the action with the greatest cost, monthly floods in the widest stream, has a cost of -1.  
Costs of flooding decrease according to the relationship between channel width and discharge volume.  The 
cost of riparian revegetation is assumed constant across stream widths.  Under cost function 1, the most 
expensive riparian revegetation is half the cost of the most expensive flood regime, and under cost function 
2, the most expensive riparian revegetation is a quarter of the cost of the most expensive flood regime. 

Restoration action Stream width (m) Cost function 1 Cost function 2 

Monthly Floods 0–5.9 -0.02 -0.02 

Monthly Floods 5.9–9.6 -0.05 -0.05 

Monthly Floods 9.6–20 -0.2 -0.2 

Monthly Floods 20–50 -1 -1 

Bimonthly Floods 0–5.9 -0.01 -0.01 

Bimonthly Floods 5.9–9.6 -0.025 -0.025 

Bimonthly Floods 9.6–20 -0.1 -0.1 

Bimonthly Floods 20–50 -0.5 -0.5 

Infrequent Floods 0–5.9 -0.0002 -0.0002 

Infrequent Floods 5.9–9.6 -0.005 -0.005 

Infrequent Floods 9.6–20 -0.02 -0.02 

Infrequent Floods 20–50 -0.1 -0.1 

Level 1 to level 2 Rip Rest  -0.25 -0.125 

Level 1 to level 3 Rip Rest  -0.5 -0.25 

Level 2 to level 3 Rip Rest  -0.25 -0.125 

No Intervention  0 0 

 

Each environmental flow regime will change the probability of each category of 

NUMFLOOD and DAYFLOOD (Table 6-5).  For NUMFLOOD I set the delivery of 

monthly flows to result in 100% probability of 7–16 spates per year, delivering 

bimonthly flows will provide between 1–7 spates per year while infrequent 

environmental flows will provide a maximum of one spate per year (Table 6-5 (a)).  

Riparian restoration will not alter the flow regime itself and therefore the elements of 

Table 6-5(a) relating to riparian restoration are blank.  Conditional probabilities for 

“no restoration” are taken from the observed probabilities of each category of 
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NUMFLOOD for regulated and unregulated streams respectively in Figure 6-5.  The 

CPT to illustrate the effect of monthly flooding to the number of days since the last 

flood, DAYFLOOD, (Table 6-5 (b)) follows a similar pattern to Table 6-5(a) with the 

probabilities for the “no restoration” option taken from the observed probabilities of 

each category of DAYFLOOD in Figure 6-5.  Since it is not possible to provide 

environmental flows of this magnitude in an unregulated stream, these elements of 

Table 6-5(a) and (b) are marked with an ‘x’ and are removed from subsequent belief 

updating.   
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Table 6-5:  Conditional probability tables for (a) NUMFLOOD and (b) DAYFLOOD in the decision 
network for the control of aquatic macrophytes.  Where a flooding regime is prescribed by the Management 
Intervention decision node, there is a probability of 100% for that level of the node, NUMFLOOD or 
DAYFLOOD.  Under no restoration action probabilities are the observed probabilities taken from the 
Bayesian network in Figure 6-5.  Since riparian revegetation has no effect on flooding, these probabilities 
are blank, and therefore assumed uniform.  Probabilities for flow releases in unregulated streams are 
marked with an “x” as this is impossible. 

Table 6.5(a) 

Flow Status Management Intervention 0 to 1 1 to 7 7 to 16 

Regulated Monthly Floods 0 0 100 

Regulated Bimonthly Floods 0 100 0 

Regulated Infrequent Floods 100 0 0 

Regulated Level 1 to level 2 Rip Rest    

Regulated Level 1 to level 3 Rip Rest    

Regulated Level 2 to level 3 Rip Rest    

Regulated No Restoration 63.0363 16.8317 20.132 

Unregulated Monthly Floods x x x 

Unregulated Bimonthly Floods x x x 

Unregulated Infrequent Floods x x x 

Unregulated Riparian restoration x x x 

Unregulated Level 1 to level 2 Rip Rest    

Unregulated Level 1 to level 3 Rip Rest    

Unregulated Level 2 to level 3 Rip Rest    

Unregulated No Restoration 9.03788 44.0232 46.9389 
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Table 6-5 (b) 

Flow Status Management Intervention 1 to 30 30 to 180 180 to 
1150 

Regulated Monthly Floods 100 0 0 

Regulated Bimonthly Floods 50 50 0 

Regulated Infrequent Floods 0 50 50 

Regulated Level 1 to level 2 Rip Rest    

Regulated Level 1 to level 3 Rip Rest    

Regulated Level 2 to level 3 Rip Rest    

Regulated No Restoration 26.7327 10.231 63.0363 

Unregulated Monthly Floods x x x 

Unregulated Bimonthly Floods x x x 

Unregulated Infrequent Floods x x x 

Unregulated Level 1 to level 2 Rip Rest    

Unregulated Level 1 to level 3 Rip Rest    

Unregulated Level 2 to level 3 Rip Rest    

Unregulated No Restoration 38.1924 41.1079 20.6997 

 

The potential impact of riparian revegetation (RIPCOV) on light conditions in the 

stream will depend on channel width (Table 6-6).  The probabilities of different levels 

of RIPCOV after restoration across all stream widths were derived from expert 

knowledge of the potential for canopy closure in South-East Queensland streams (see 

Bunn et al., 1999).  Level 1 to 2 riparian restoration increases vegetative cover from 

0–30% to 30–70%, level 1 to 3 riparian restoration increases vegetative cover from 0–

30% to 70–100% and level 2 to 3 riparian restoration increases vegetative cover from 

30–70% to 70–100% (Table 6-6).  Empty cells in Table 6-6 indicate that in this 

example I assumed that the environmental flow regime will not affect riparian cover, 

however, given the extensive literature that exists on this ecological interaction 

(Nilsson and Svedmark 2002; Latterell et al. 2006), these relationships could be 

included in the CPT if desired.    
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Table 6-6:  Conditional probability table for Riparian Cover in the decision network for the control of 
aquatic macrophytes.  Where riparian revegetation is prescribed by the network, a probability of 100% for 
that level of the node results.  Under “no restoration action” probabilities are taken from the network in 
Figure 6-5.   

Width (m) Management Intervention 0 to 30 30 to 70 70 to 100 

0–5.9 Monthly Floods    

0–5.9 Bimonthly Floods    

0–5.9 Infrequent Floods    

0–5.9 Level 1 to level 2 Rip Rest 0 100 0 

0–5.9 Level 1 to level 3 Rip Rest 0 0 100 

0–5.9 Level 2 to level 3 Rip Rest 0 0 100 

0–5.9 No Restoration 29.1429 29.7143 41.143 

5.9–9.6 Monthly Floods    

5.9–9.6 Bimonthly Floods    

5.9–9.6 Infrequent Floods    

5.9–9.6 Level 1 to level 2 Rip Rest 0 100 0 

5.9–9.6 Level 1 to level 3 Rip Rest 0 0 100 

5.9–9.6 Level 2 to level 3 Rip Rest 0 0 100 

5.9–9.6 No Restoration 32 38 30 

9.6–20 Monthly Floods    

9.6–20 Bimonthly Floods    

9.6–20 Infrequent Floods    

9.6–20 Level 1 to level 2 Rip Rest 0 100 0 

9.6–20 Level 1 to level 3 Rip Rest 0 50 50 

9.6–20 Level 2 to level 3 Rip Rest 0 30 70 

9.6–20 No Restoration 55.5046 31.6514 12.844 

20–50 Monthly Floods    

20–50 Bimonthly Floods    

20–50 Infrequent Floods    

20–50 Level 1 to level 2 Rip Rest 80 20 0 

20–50 Level 1 to level 3 Rip Rest 70 30 0 

20–50 Level 2 to level 3 Rip Rest 0 100 0 

20–50 No Restoration 95.4128 3.66972 0.917432 
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The decision network in Figure 6-6, with assumptions of responses to interventions 

outlined in Tables 6-3 to 6-6 (cost function 1), suggests that overall infrequent 

environmental flow releases and to a lesser extent riparian restoration (level 2 to 3) 

would yield the greatest utility when controlling aquatic macrophyte cover.  As in the 

first case study, it is possible to manipulate the network to identify the management 

action that maximises utility at different stream types.  It is also apparent that 

predictions of maximum expected utility depend on the cost function used (Table 

6-7).  In narrow regulated streams, where the volume of water required for a flood 

(and therefore the cost of delivering it) is relatively low, the decision network 

suggests that the provision of monthly environmental flows is the management action 

that maximises utility, under cost functions 1 and 2.  Note that utility is comparably 

high (0.638) for level 2 to 3 riparian restoration under cost function 2.  However, in 

large streams under cost function 1, providing infrequent environmental flows 

maximises the expected utility in the network, while level 2 to 3 riparian restoration 

maximises utility under cost function 2 (Table 6-7).  Thus there are recommendations 

of which restoration option to adopt given the BDN and the associated cost and utility 

functions. 
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Table 6-7:  Utility of each restoration action to control aquatic macrophytes in regulated streams at two 
different widths.  The two cost functions outlined in Table 6-4 are compared for each stream type, with the 
maximum utility for each scenario in bold text. 

Prevailing conditions       

Stream width 0–5.9 m 20–50 m 

Flow status Regulated Regulated 

Restoration option Cost 1 Utility Cost 1 Utility 

Monthly floods -0.02 0.658 -1 -0.322 

Bimonthly floods -0.01 0.438 -0.5 -0.052 

Infrequent floods -0.0002 0.502 -0.1 0.403 

Level 1 to level 2 Rip Rest -0.25 0.341 -0.25 0.048 

Level 1 to level 3 Rip Rest -0.5 0.263 -0.5 -0.166 

Level 2 to level 3 Rip Rest -0.25 0.513 -0.25 0.341 

No Intervention 0 0.531 0 0.231 

Restoration option Cost 2 Utility Cost 2 Utility 

Monthly floods -0.02 0.658 -1 -0.322 

Bimonthly floods -0.01 0.438 -0.5 -0.052 

Infrequent floods -0.0002 0.502 -0.1 0.403 

Level 1 to level 2 Rip Rest -0.125 0.466 -0.125 0.173 

Level 1 to level 3 Rip Rest -0.25 0.513 -0.25 0.084 

Level 2 to level 3 Rip Rest -0.125 0.638 -0.125 0.466 

No Intervention 0 0.531 0 0.232 

 



 

 161 

 

6.3 Discussion 

Anthropogenic impacts to rivers, such as flow regime changes from river regulation 

and catchment and riparian changes from land use, seldom occur in isolation from 

each other.  However, in the presence of multiple drivers of river health decline, it is 

often difficult to identify a primary cause–effect relationship to make rational 

decisions about river restoration approaches.  It therefore becomes necessary to 

incorporate ecological theory and understanding into the restoration process (Lake et 

al. 2007).  Even if the potential causal factors are known, there is a need to consider 

the costs of available river restoration options with respect to their efficacy.  BNs and 

BDNs can be used to incorporate the costs of restoration actions as well as the 

expected benefits (utility).  Using BNs in this way allows managers to make decisions 

based on the ecological understanding of a system with a quantitative basis. 

6.3.1 Selecting restoration strategies under multiple stressors 

In this chapter I have demonstrated how BDNs can be used to determine a restoration 

decision in the common situation of multiple stressors impacting riverine conditions.  

In this context, there can be various restoration options available to a river manager.  

However, it may not be clear as to which is going to be the most effective relative to 

the costs of implementation and the expected ecological response.  Implementing a 

BDN approach provides decision makers with a method of combining ecological 

responses with budget constraints.  I used simple examples of specific ecosystem 

health goals, minimising low DO events and reducing nuisance macrophytes, to 

illustrate the approach without requiring detailed and potentially confusing 

descriptions of network structure and CPTs.  As a consequence, the results from the 

BDNs may seem unsurprising.  However, in other scenarios with different river health 

goals such as biodiversity outcomes or multiple indices of ecosystem health (Borsuk 

et al. 2004; Said 2006) the most effective restoration option is unlikely to be so 

obvious.  This approach encourages river managers to consider multiple stressors and 

potential restoration measures in a transparent framework incorporating costs, benefits 

and expected ecological response.  
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6.3.2 The different timing of investment for restoration strategies 

When investing in vegetation restoration a large proportion of the investment is 

incurred in the initial phases, whereas the delivery of environmental flows is likely to 

incur costs on an ongoing basis with costs dependent on the volume of water released 

over time.  This presents an important challenge to consider as it is difficult to 

incorporate temporal dynamics or feedback loops in BNs (Uusitalo 2007).  However, 

accounting for the difference in timing of the costs of restoration and the accrual of 

utilities can be approached in various ways.  In the networks presented in this chapter, 

I treated costs and utilities over the long term assuming they will eventually be 

recouped or incurred by including total costs and utilities in a single node for each.  

An alternative approach would be to include one utility node for each time step over 

which the network was developed (e.g. monthly) to represent the accrual of economic 

benefits through a given year (Ames 2002).  Each separate utility node then 

contributes to the overall utility within the BN.  The same approach can be used for 

costs incurred over time.  It is important to consider the timing of the costs and 

utilities to be incurred when developing the cost and utility functions to successfully 

implement a BDN approach and ensure transparent decision making.   

6.3.3 Challenges when using Bayesian networks 

It is clear that the nature of the cost and utility functions will influence any 

conclusions about optimal restoration options (Table 6-7); therefore it is imperative 

that they be as accurate as possible.  Where possible, it is preferable to use economic 

data based on estimated costs of restoration or environmental flow delivery to 

generate cost nodes and estimated revenues to generate utility nodes (e.g. Ames et al. 

2005).  However, such information may not always be available or there may be no 

direct economic benefits resulting from the restoration, in which case alternative 

approaches based on the ecological value of each restoration outcome may be used to 

develop a standardised index of cost and utility.  There is no one right way to develop 

such subjective cost and utility functions and many approaches could be used.  For 

example, standardising utility values across the categories of the restoration target, or 

devising a scale of acceptability based on what would be an acceptable outcome to 

society for any given restoration problem.  There is considerable scope for error in 
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subjective utility nodes, making full disclosure of their structure a vital aspect of 

transparent decision making. 

In addition to limitations associated with temporal dynamics and the difficulty of 

deriving cost and utility functions in the absence of data, there are other limitations 

that must be considered when developing BNs to guide stream restoration decisions.  

In most commonly available software packages there is a restriction to using 

categorical variables, requiring continuous variables to be converted to categories or 

states (Korb and Nicholson 2004).  To retain parsimony, the fewest states required to 

reflect assumed causal relationships should be used for each node (Marcot et al. 

2006).  While algorithms that automatically categorise continuous nodes do exist (e.g. 

Norsys 2005), specifying the appropriate number and levels of states for each node 

can be challenging.  Scientific interpretability may provide a useful guideline 

(Uusitalo 2007) with defensible ecological boundaries identified a priori.  As with all 

modelling approaches the balance between parsimony and precision must be found 

(Levin 1992), and this applies to network structure as well as the number of states 

within each node (Marcot et al. 2006).   

6.3.4 “All models are wrong, but some are useful” - George Box (1979) 

With any BN there is the possibility that the network does not reflect the modelled 

ecosystem processes; even the most accurate BN is still only a model of the 

ecosystem.  Therefore, an important aspect of the use of BNs is eliciting information 

from experts regarding the structure of the network or prior probabilities, or to 

populate the conditional probability tables in the absence of data (Uusitalo 2007).  

There is a body of literature devoted to the elicitation of probabilities for Bayesian 

modelling (Kadane and Wolfson 1998; Clemen and Winkler 1999; Pollino et al. 

2007).  For any BN that is largely populated by expert opinion it is important to 

consider the possibility of error in the experts’ opinions.  To place trust in a BN based 

on invalid or error-prone expert opinion could lead to potentially costly management 

decisions.  Therefore, the selection of experts for expert opinion is an important phase 

of network development and must be undertaken carefully to ensure information upon 

which the BN is based is reliable with key uncertainties acknowledged (Ayyub 2001).  

Developing the BN with a thorough literature review, possibly in tandem with expert 

elicitation would help to improve the accuracy of the network.  Sensitivity analysis, 
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the process of analysing how sensitive any conclusions are to minor changes in 

network structure and/or CPTs (Jensen and Nielsen 2007), can be used to understand 

the impact of key uncertainties and also to identify potential errors in the network 

(Reichert et al. 2007).  Where possible, updating the network with newly collected 

data from monitoring programs would improve the network.  Thus, following a 

rigorous process of expert selection, undertaking sensitivity analysis and updating the 

probabilities in the network with data as they become available in the future, will help 

to ensure the network reflects the ecosystem processes under study as accurately as 

possible and ensure greater confidence in and reliability of the BN or BDN and its 

outputs.   

Recognising the uncertainty of understanding of ecological processes is an important 

aspect of environmental decision making (Reckhow 1994).  A key advantage of BNs 

is that these models propagate predictive uncertainty (Borsuk et al. 2004).  Conceptual 

ecological models (Figure 6-1(a)) generally assume a directional relationship between 

two or more ecological factors or processes, such as aquatic plant 

photosynthesis/respiration and riparian shading.  However, there may be uncertainty 

around the nature or strength of these relationships due to limited understanding of the 

system or due to the exclusion of certain causal processes from the BN (Figure 

6-2(b)).  Using a BN for modelling these relationships ensures the propagation of 

uncertainty that may arise from these issues.  For example, Figure 6-2(a) suggests that 

increasing stream shading will decrease aquatic plant photosynthesis and respiration.  

While this may generally be true, increasing riparian shading may not always 

dramatically alter aquatic plant growth.  Other factors that may not be included in the 

BN such as stream orientation, flow regime or instream nutrient concentrations also 

regulate aquatic plant growth.  In the BN probabilities of all levels of plant growth 

under higher levels of riparian shading are estimated and propagated through 

subsequent child nodes, thereby incorporating any uncertainty that may exist about 

the nature of that ecological process as represented in the network (e.g. Figure 6-2(c) 

and Figure 6-2(d)).  Therefore, while any BN will be subject to error, this method can 

also explicitly incorporate any uncertainty in the understanding of the ecological 

process under study. 

The results of this chapter suggest that river managers should consider modelling 

approaches, such as those outlined here, in restoration planning.  The use of BNs is 
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not the only approach available to ecosystem managers for decision support; however, 

it is a relatively straightforward method to capture the conceptual understanding of a 

system.  This approach will not solve river restoration problems itself, but rather it 

provides a framework in which to consider the problem in the context of known and 

uncertain ecological relationships.  The development of conceptual models ensures 

that the specific goals are clearly articulated and that likely cause–effect linkages are 

identified.  For most environmental management problems, direct experimentation to 

infer causality between disturbance factors and river health indicators is limited.  

Nevertheless, in some instances there may be strong correlative evidence and/or 

expert understanding of these relationships.  In these cases BNs represent an attractive 

approach to explore how multiple environmental drivers may affect ecosystem health 

goals allowing managers to consider the impacts of flow-related and land-use related 

stressors together.  The provision of flow is an essential prerequisite for maintaining 

the health of a river, even where other environmental factors may be limiting (Poff et 

al. 1997; Bunn and Arthington 2002; Poff et al. 2010).  However, in heavily regulated 

and sometimes over-allocated systems, the costs and benefits of purchasing water for 

the environment need to be compared with the costs and benefits of investing in other 

forms of restoration.  The use of BDNs provides a transparent, probabilistic approach 

to support such decisions. 
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Chapter 7: General discussion 
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7.1 Quantitative methods and the riverine hierarchy 

Rivers are hierarchical systems where large-scale environmental factors constrain the 

state of local-scale environmental factors (Frissell et al. 1986; Parsons et al. 2004).  

This hierarchy of environmental factors determines species’ distributions and 

abundances at local-scales (Tonn 1990; Poff 1997).  Common conceptual approaches 

to the study of riverine ecosystems such as the landscape approach to river ecology 

(Fausch et al. 2002), attempt to quantify relationships between species and 

environmental variables at multiple scales.  In recent years, Bayesian hierarchical 

models have been advanced as valuable tools for ecological research (Clark 2005; 

Clark and Gelfand 2006b; Cressie et al. 2009) and could help to advance freshwater 

ecology. 

In the introduction to this thesis I introduced three general aims to assess the potential 

value of Bayesian hierarchical models to ecological research in general and 

freshwater ecology in particular.  The first aim was to examine whether Bayesian 

hierarchical models offer improved prediction and description of multiscale species-

environment relationships compared with single level model structures.  The second 

aim was to investigate the capacity for Bayesian hierarchical models to contribute to 

landscape and metacommunity ecology.  The final aim of the thesis was to identify 

the potential for Bayesian methods to assist in river management.  These are 

important considerations because Bayesian methods have gained increasing 

prominence in the ecological literature in recent years as the capacity to develop more 

and more complex statistical models has grown (Cressie et al. 2009; Ogle 2009).  The 

apparent flexibility of the Bayesian framework indicated that it could be beneficial to 

apply these methods to the fields of landscape and metacommunity ecology given the 

focus on multiscale ecological relationships in these disciplines.  The capacity to 

develop statistical models that reflect the conceptual understanding of riverine 

ecosystems suggested that the management of riverine ecosystems could progress 

with the use of Bayesian methods.  However, their application to ecological problems 

had received little comparative quantitative analysis with more simple methods.  

Therefore the first step to resolving these aims was a comparative analysis of the 

performance of Bayesian hierarchical models compared to equivalent single level 

model structures.   
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7.2 Quantifying species-environment relationships across spatial 

and temporal scales 

The ability to quantify species-environment relationships across multiple spatial and 

temporal scales in a statistical model is an important goal in ecological research 

(Austin 2002; Olden et al. 2006).  Furthermore, the prediction of species’ distributions 

and abundances at new locations or sampling occasions relies on the transferability of 

the model.  In Chapter 3 I demonstrated that Bayesian hierarchical models that more 

closely reflect the hierarchical structure in a multiscale dataset could quantify species-

environment relationships more accurately than equivalent Bayesian single-level 

models.  In particular, the hierarchical models quantified the interactions between the 

landscape-scale variable distance to river mouth and local-scale environmental 

variables such as water depth, that influence fish species’ distributions and 

abundances more accurately than single-level models.  The additional level in the 

hierarchical models quantified the complexity of the cross-scale interactions evident 

in the data.  However, the composite interaction variables in the single level models 

could not.  This finding was consistent with similar work analysing the spatial 

distribution of terrestrial vegetation (Latimer et al. 2006).  However, it may be 

particularly important for riverine ecosystems where the nested hierarchy and 

connectedness of the system is such a dominant feature of the riverscape and the 

ecological relationships of component biota (Frissell et al. 1986; Benda et al. 2004b; 

Parsons et al. 2004).     

While all of the models in Chapter 3 could have been developed in the frequentist 

framework, there are distinct advantages to a Bayesian approach to modelling.  

Bayesian hierarchical models provide the flexibility to develop model structures that 

more closely reflect the structure of the riverine ecosystem (Clark 2005; Cressie et al. 

2009; Chapter 1).  An additional advantage, demonstrated in Chapter 3, is the capacity 

to share information across the catchment to estimate local-scale species-environment 

relationships via pooling or “borrowing strength” (Gelman et al. 2004; Webb et al. 

2010).  The results of Chapter 3 show the potential importance of this process, 

indicated by the pooling factors which were relatively high for some relationships.  

For example, the pooling factor for the local-scale relationship between Anguilla 
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reinhardtii and mean daily flow was 0.83 which quantifies how much the variance in 

those local-scale relationships was reduced by the sharing of information across the 

catchment.  This process can be particularly important in data poor scenarios (Webb 

et al. 2010) and can play an important role in improving ecological predictions (Clark 

2005).   

The accurate prediction of species’ abundances at new sampling locations or 

occasions is considered to be the strongest indicator of model performance (Pielke 

and Conant 2003; Olden et al. 2006).  The accurate prediction of unobserved data 

requires a model to represent the population, not just the data used for model fitting.  

An overfit model will perform poorly in the prediction of new data as it is not 

representative of the population under study, but rather only the data used in model 

fitting (Babyak 2004; Ginzburg and Jensen 2004).  The hierarchical models in 

Chapter 3 more accurately predicted species’ abundances on sampling occasions that 

were set aside from model fitting as test data.  The average predictive accuracy for the 

hierarchical models for three fish species was 52% compared to 35% and 34% for the 

two single-level models.  The hierarchical models also performed better in terms of 

predictive uncertainty, although none of the models proved to be statistically 

significantly better than the others.  These results indicated that increasing the number 

of parameters via the hierarchical model structure does not necessarily lead to 

overfitting, in this case it actually improved the generality of the models.  Given the 

hierarchical structure that is common to many studies of riverine ecosystems I 

concluded that further effort to develop Bayesian hierarchical models would be 

advantageous for multiscale studies of the distribution and abundance of aquatic 

organisms.   

7.3 Landscape ecology to metacommunity ecology  

The landscape approach to river ecology provides a conceptual framework to identify 

the key environmental determinants of biotic structure and function in riverine 

ecosystems across spatial and temporal scales (Schlosser 1991; Fausch et al. 2002).  It 

has been widely applied in freshwater ecology (Fausch et al. 2002; Johnson and Host 

2010) in studies of the distribution and abundance of aquatic organisms such as 

macroinvertebrates (Malmqvist 2002; Sandin and Johnson 2004) and fish (e.g. 

Magalhães et al. 2002; Kennard et al. 2007; Stewart-Koster et al. 2007).  More 
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recently the metacommunity approach to multiscale ecology has been developed 

(Leibold et al. 2004; Holyoak et al. 2005) and applied to the dynamics of species 

movements and interactions in aquatic systems (Cottenie and De Meester 2004; Ng et 

al. 2009; Falke and Fausch 2010; Peres-Neto and Cumming 2010).  Both the 

landscape and metacommunity approaches emphasise the movement of organisms 

across patchy landscapes and the potential impact of environmental variation at 

multiple scales (Hanski 1998; Wiens 2002; Leibold et al. 2004).  A second aim of this 

thesis was to examine the potential of Bayesian hierarchical models to contribute to 

these two conceptual approaches as applied to river ecology.  This aim was addressed 

in Chapters 4 and 5. 

7.3.1 Landscape ecology – a guide to model development 

Wiens (2002) introduced six themes around which landscape ecology has developed 

which specifically relate to patterns of species distribution and abundance across 

scales:  Theme (1)  patches differ in quality, Theme (2) patch boundaries effect flows, 

Theme (3) patch context matters, Theme (4) connectivity is critical, Theme (5) 

organisms are important, and Theme (6) the importance of scale.  These themes have 

not necessarily been directly included in landscape studies of river ecology, however, 

freshwater ecologists have been addressing questions relating to them for some time 

(Wiens 2002).  These studies have resulted in a diversity of findings with respect to 

the important drivers of species assemblage variation (Johnson and Host 2010; 

Chapter 1).  It is unlikely that a “most important” scale of environmental variation 

exists to structure biotic assemblages (Deschênes and Rodriguez 2007).  However, the 

flexibility of Bayesian hierarchical models (Clark 2005; Cressie et al. 2009) and the 

improved performance of such models (Latimer et al. 2006; Chapter 3) suggests that 

there may be considerable advantage to applying these methods under the landscape 

ecology framework.     

To examine the possible contribution that Bayesian hierarchical models could make to 

landscape approaches to river ecology, I developed a model that incorporated four of 

the six themes of landscape ecology (Chapter 4).  The model was able to quantify the 

relationship between species’ distribution and abundance and patch quality (Theme 

1), patch context (Theme 3), connectivity (Theme 4) and the importance of scale 

(Theme 6).  This model addressed specific research questions regarding the multiscale 
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environmental variables that are related to the distribution and abundance of the case 

study species, Hypseleotris galii.  The model was able to identify the scale of 

environmental variation that was most strongly correlated with species’ distribution as 

well as quantifying the importance of patch quality and context.  I concluded that the 

additional complexity that can be incorporated into a Bayesian hierarchical model 

suggests that these methods could make an important contribution to the discipline of 

landscape ecology.  This case study focussed on a single species, however, much of 

the work in riverine landscape ecology examines entire assemblages.  This is also the 

focus of metacommunity ecology and in Chapter 5 I applied this model to a suite of 

species.  

7.3.2 Metacommunity ecology – understanding species dynamics 

A major focus of metacommunity ecology is the movement and interactions of 

different species across patchy landscapes (Leibold et al. 2004; Holyoak et al. 2005).  

Correlations between species composition and environmental and spatial variables are 

used to infer the degree of movement and interaction of species among habitat patches 

and therefore the theoretical metacommunity model (e.g. Urban 2004; Cottenie 2005; 

Brown and Swan 2010).  This provides a valuable framework for multiscale ecology 

in riverine landscapes (Falke and Fausch 2010; Peres-Neto and Cumming 2010).  A 

key limitation of the approach is that different species will no doubt respond to 

environmental processes at different scales and therefore, assemblage or community 

wide generalisations may be difficult (Leibold et al. 2004).  In Chapter 5 I showed 

how species movement traits influence apparent scales of environmental variables to 

which its distribution and abundance were most strongly correlated.  Sedentary 

species displayed generally temporally stable spatial distributions while mobile 

species' distributions tended to be temporally dynamic.  Patch quality, which was 

quantified by spatial and temporal variation in local-scale environmental variables 

such as instream hydraulics and hydrologic variation, was related to species' 

abundances for both species groups.  Patch context, which was quantified by spatial 

variation in landscape-scale environmental variables such as long term hydrologic 

variation, was generally related to species' abundances for only mobile species.  This 

is consistent with predictions of metacommunity theory that species’ movements will 

be evident based on the scale of environmental variables that influences assemblage 
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composition (Cottenie 2005; Holyoak et al. 2005; Ng et al. 2009).  From these 

findings I concluded that each species group displayed a different metacommunity 

model; species sorting for sedentary species and species sorting with high dispersal 

for mobile species.   

The metacommunity concept is relatively new in community ecology (Leibold et al. 

2004) and the methodology for empirical tests of metacommunity theory is still in a 

phase of rapid development (e.g. Ng et al. 2009; Pandit et al. 2009; Falke and Fausch 

2010; Peres-Neto and Cumming 2010).  In many empirical analyses species 

assemblage data is analysed simultaneously in some type of ordination routine 

(Cottenie 2005; Ng et al. 2009; Falke and Fausch 2010).  However, rather than 

grouping all species together in the species distribution matrix the findings of Chapter 

5 suggest that it may be beneficial to consider the impact of species’ functional traits 

in metacommunity studies.  This is consistent with other recent findings which have 

found distinct metacommunity patterns between functional groups within assemblages 

according to individual species’ movement traits (e.g. Brown and Swan 2010), trophic 

and life history traits (e.g. Hoeinghaus et al. 2007) or the degree of habitat 

specialisation (Pandit et al. 2009). Separate ordination analyses can be conducted for 

each functional group (e.g. Pandit et al. 2009) or each species can be analysed 

separately with results combined for each group (e.g. Chapter 5).  The single species 

approach of Chapter 5 is likely to be more difficult to implement than a multispecies 

ordination approach with the further complication of a limited capacity to include 

species interactions.  However, the additional predictive capacity and flexibility of 

Bayesian hierarchical models (Chapter 3; Chapter 4) suggest that these methods can 

be very valuable as tools in both landscape and metacommunity ecology.  An avenue 

for further research would be to develop empirical approaches to test metacommunity 

models that account for differences in species’ traits yet also account for species 

interactions. 

7.4 Hierarchical problems require hierarchical solutions 

The degradation of rivers as a result of anthropogenic impacts such as flow regulation, 

catchment land use change and riparian vegetation removal is widespread throughout 

the world (Poff et al. 2003; Allan 2004; Nilsson et al. 2005).  The nature of the 

riverine hierarchy (Frissell et al. 1986) means these impacts may have cascading 



 

 173 

effects throughout the riverine landscape (Strayer et al. 2003; Allan 2004).  Further, 

these impacts are unlikely to occur in isolation, for example, the hydrologic alteration 

is frequently accompanied by intensive land use change for agriculture (Ormerod et 

al. 2010).  This can make it difficult to identify a strategy for riverine restoration and 

management (Lake et al. 2007).  The use of quantitative methods in the management 

of riverine landscapes has been advocated for some time (Karr 1981; Karr 1999; 

Kennard et al. 2006b), however, restoration strategies most likely have the best 

chance of success where they are guided by ecological theory (Wohl et al. 2005; Lake 

et al. 2007).  In Chapter 6 I demonstrated how Bayesian networks (BN), a type of 

Bayesian hierarchical model, can be used to combine ecological theory with a 

quantitative basis for management decision making. 

The restoration of the natural flow regime via the provision of environmental flows is 

of paramount importance to the maintenance of river health in degraded catchments 

(Poff et al. 1997; Bunn and Arthington 2002).  However, the conflicting demands on 

inland waters mean that the delivery of environmental flows is often controversial and 

difficult to achieve (Naiman et al. 2002; Poff et al. 2003; Arthington et al. 2006), 

particularly where there are other stressors on the system also degrading river health 

(Poff et al. 2003).  Bayesian networks provide a quantitative basis for river managers 

to incorporate ecological theory into management decision making (Hart and Pollino 

2009; Chapter 6).  The structure of the network can be developed around a conceptual 

ecological model with relationships quantified using multiple sources of information 

including empirical data, expert opinion and relationships from previous studies 

(Korb and Nicholson 2004; Jensen and Nielsen 2007; Pollino et al. 2007).  The 

conditional probability approach of BNs that makes use of Bayes' theorem enables the 

networks to account for multiple stressors on the system and identify the effect of one 

stressor, say flow regulation, in the presence of all others (Korb and Nicholson 2004; 

Chapter 6).  This provides river managers with a powerful tool to identify the 

dominant driver of declines in river health where multiple stressors exist in a 

catchment.  The next is to identify the most effective management intervention 

strategy.   

There have been an increasing number of restoration projects across the world as 

natural resource agencies have come to realise the value in restoring ecosystem 

services provided by healthy rivers (Bernhardt et al. 2005; Wohl et al. 2005).  
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However, the restoration of degraded riverine habitat is an expensive and time 

consuming process (Palmer et al. 2007) and there are now greater community 

expectations that restoration projects achieve desired ecological outcomes.  As such, it 

is important that river managers can demonstrate that they are using the most cost 

effective restoration/management intervention to ensure the efficient allocation of 

limited resources (Wohl et al. 2005).  In Chapter 6  I showed how Bayesian decision 

networks can be used to explicitly incorporate the expected cost of a range of 

restoration projects to identify the most efficient according to the expected benefit 

(utility) of each.  There are many other methods available for decision support such as 

optimisation (Hermoso et al. 2011) and heuristic methods (Linke et al. 2008).  

However, the capacity to develop Bayesian networks based explicitly on relationships 

in conceptual ecological models and then combine these with cost and benefit 

information (e.g. Ames et al. 2005; Chapter 6; Said 2006; Hart and Pollino 2009) 

provides a powerful decision support tool for river managers.   

 

7.5 Putting the “riverscape” into statistical models for river ecology 

and management 

This thesis has shown that there are considerable advantages in using Bayesian 

hierarchical models to quantify relationships between species environmental variation 

across spatial and temporal scales.  The flexibility of a Bayesian approach means that 

ecologists can develop statistical models that closely reflect conceptual ecological 

models.  However, there are two issues which need to be considered before every 

freshwater ecologist begins a course in Bayesian statistics.  Firstly, complex models 

such as that in Chapters 4 and 5 are no substitute for good science (Downes 2010).   

Secondly and perhaps more importantly, like every other branch of science, statistical 

research into Bayesian hierarchical models is still very active and even statisticians do 

not understand everything about highly complex models (Hodges 2010).  These issues 

should be addressed by ecologists before applying a complex hierarchical model to a 

multiscale dataset. 

One of the most important aspects of the practice of empirical science is sound 

experimental design and sampling (Underwood 1990; Quinn and Keough 2002; 
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Downes 2010).  Observational data should be collected following a conceptual model 

of the system and the scientific model to be tested (Austin 2002).  The findings of this 

thesis do not suggest differently.  However, where good experimental design is 

difficult, hierarchical models can help to remedy this (Gelman and Hill 2007).  For 

example, when collecting ecological data in the field, it can be difficult to control for 

all extraneous environmental variation which may result in unknown variables driving 

variation in the response variable (Bolker et al. 2008).  Furthermore, the problem of 

spatial autocorrelation can compound this issue by reducing the effective sample size 

since sampling locations may not be independent from one another  (Legendre 1993).  

This can be particularly problematic in riverine landscapes given the linear 

connectivity of aquatic habitat  (Peterson et al. 2007; Peterson and Ver Hoef 2010).  

Known nuisance environmental variation can be accounted for using a hierarchical 

model structure such as that in Chapters 3 to 5.  Further, common questions in 

freshwater ecology arising from a landscape or metacommunity approach may require 

a multiscale sampling design (Parsons et al. 2004; Boys and Thoms 2006).  The 

resulting hierarchical structure in multiscale data should not be ignored in the 

statistical model used for analysis (Gelman et al. 2004).  Indeed it is fundamental to 

good science to develop statistical models that reflect the underlying conceptual 

understanding of the system and the structure in the data (Austin 2002).  The results 

of Chapter 3 illustrate that there can be quantifiable improvements in ecological 

inference by building statistical models that reflect the hierarchical structure in 

conceptual ecological models and datasets.  Single level models can certainly include 

multiscale relationships in some form, however, there are distinct disadvantages with 

composite interaction variables which can result in inaccurate parameter estimates 

(Chapter 3) as well as potentially resulting in an overfit model (Aiken and West 

1991).  These findings suggest that despite the additional difficulties associated with 

their use, Bayesian hierarchical models should be embraced by ecologists as a tool of 

good science.   

As computing power has increased in recent years, the development of more 

sophisticated statistical methods have enabled ecologists to address more complex 

questions  than ever before (Ogle 2009).  This has lead to the development of more 

complex Bayesian hierarchical models in ecological studies (Diez and Pulliam 2007; 

Latimer et al. 2009; Dorazio et al. 2010; Webb et al. 2010).  However, there is still a 
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great deal that is unknown about these methods and there is the potential to derive 

confusing or even inaccurate results from overly complex models (Hodges 2010).  

Ecologists should be mindful of this when implementing a Bayesian hierarchical 

model.  With respect to the work in this thesis, this is only a relevant concern for the 

model developed in Chapter 4 and applied in Chapter 5.  The models in Chapter 3 are 

well established (e.g. Wyatt 2002; Gelman and Hill 2007; Rivot et al. 2008) and in 

and of themselves are not likely to provide misleading results.  The hierarchical model 

in Chapter 3 does include the complexity to reflect the structure in the data, however, 

it is simple enough to be described in Bayesian text books (e.g. Clark and Gelfand 

2006b; Gelman and Hill 2007).  The mathematical development of the hierarchical 

ZIP model in Chapters 4 and 5 followed a rigorous process to avoid the potential for 

spurious results.  This included a sensitivity analysis to investigate the impact of 

different prior distributions as well as applying the model to simulated data with 

known parameter values (Boone et al. in review; Appendix B).  Taking steps such as 

these should ensure that river ecologists can confidently use Bayesian hierarchical 

models to put the “riverscape” into statistical models for river ecology and 

management.
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