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Abstract 

 

Rivers and streams are among the most imperilled ecosystems on earth owing to 

overexploitation; water quality impacts, altered flow regimes, habitat destruction, proliferation 

of alien species and climate change. There is a pressing need to address these threats through 

stream bioassessment, stream rehabilitation and species conservation actions. Species 

distribution models (SDMs) can offer a practical, spatially explicit means to assess the impact 

of these threats, prioritise stream rehabilitation and direct conservation decisions. However, 

applications of SDMs for stream bioassessment and real-world conservation outcomes in 

freshwater ecosystems is still in its infancy. This thesis set out to link conceptual advances in 

fish ecology with emerging statistical methods applied to stream bioassessment and species 

conservation issues facing eastern Australian freshwater fish species.  

One of the primary uses of SDMs in freshwater environments is bioassessment, or assessment 

of “river health”. A network of reference sites underpins most stream bioassessment programs, 

however, there is an ongoing challenge of objectively selecting high quality reference sites, 

particularly in highly modified assessment regions. To address subjectivity associated with 

‘best professional judgement’ and similar methods, I developed a novel, data-driven approach 

using species turnover modelling (generalised dissimilarity modelling) to increase objectivity 

and transparency in reference site selection. I also tested whether biogeographic legacies of 

fish assemblages among discrete coastal catchments limited the use of reference sites in 

southeast Queensland and northeast New South Wales. The data-driven approach was then 

used to select reference sites and sample fish assemblages to develop freshwater fish SDMs for 

subsequent data chapters. 

Another factor potentially limiting the accuracy of SDMs for bioassessment and conservation 

is the modelling strategy employed. In particular, site-specific models for stream bioassessment 

usually still use ‘shortcut’ methods such as community classification and discriminant function 

analysis, despite growing evidence that machine learning algorithms provide greater predictive 

performance. I tested how reference coastal fish assemblages are structured in relation different 

species assembly theories (e.g., species arrangement in discrete communities, species sorting 

independently across environmental gradients, or elements of both) by comparing different 

modelling approaches reflective of these processes (community level modelling, stacked 

‘single species’ models and multi-species response models). Evaluation of the modelling was 
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used to determine which of these modelling paradigms best suit stream bioassessment and other 

conservation applications such as survey gap analysis, estimating range changes owing to 

climate or land use change and estimating biodiversity.  

The taxonomic completeness index is the most commonly used site-specific index for stream 

bioassessment programs, despite several recognised limitations of this index, including use of 

an arbitrary threshold; omission of rare taxa that may be responsive to subtle levels of 

disturbance; and omission of potentially useful information on taxa gained at disturbed sites. I 

developed and tested an index that incorporated both native species losses, and gains of tolerant 

and alien species into a unified index of assemblage change for stream bioassessment. This 

study used a single species ensemble modelling approach to predict species occurrence and 

combined predictions into an index akin to Bray-Curtis dissimilarity. The resultant index, 

‘BCA’, markedly outperformed the widely used taxonomic completeness index derived from 

community classification (discriminant function analysis) models and has considerable 

potential for improving stream bioassessment index sensitivities for a range of freshwater 

indicators (e.g. diatoms, macroinvertebrates, macrophytes). 

It is recognised that there are very few peer-reviewed SDM studies that have ‘real world’ 

conservation applications; most are instead academic exercises concerned with addressing 

methodological challenges, or hypothetical examples of how one might apply a SDM for a 

conservation problem. To address this gap between modelling and management, I used SDMs 

to inform a conservation plan for declining southern pygmy perch (Murray-Darling Basin 

lineage) (Nannoperca australis) in northern Victoria. This study incorporated alien species 

abundance models as predictors into an ensemble SDM to identify remnant habitats of this 

declining species. The models indicated that ~ 70% of N. australis habitat has become 

unsuitable since European settlement owing to anthropogenic pressures and interaction with 

alien fish species, particularly brown trout (Salmo trutta). Model outputs were used for survey 

gap analysis and to identify stream segments suitable for targeted management and 

reintroduction of the species. This study formed the basis for a captive breeding and 

translocation plan for southern pygmy perch in northern Victoria. 

The thesis concludes with practical learnings from these modelling studies for freshwater 

bioassessment and conservation practitioners; namely: (1) that machine learning multispecies 

response and ensemble models offer improved predictive performance compared with 

traditional approaches and that model choice depends on the intended use of the model; (2) that 

a newly developed index, “BCA”, provides a more conceptually sound and sensitive index than 
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the traditionally used taxonomic completeness index for stream bioassessment; and, (3) that 

SDMs developed using readily available and high quality stream bioassessment datasets 

provide an excellent foundation for applied freshwater fish species conservation and 

management. The thesis concludes with future challenges and directions for freshwater fish 

SDM research. 
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Chapter 1 General introduction  

 

1.1 Threats to rivers, freshwater fish biodiversity and the role of ecological models 

Rivers and streams are among the most imperilled ecosystems on earth (Vörösmarty et al. 

2010). A combination of overexploitation, water quality impacts, altered flow regimes, 

destruction or degradation of habitat, and invasion by alien species are major global threats to 

freshwater biodiversity (Dudgeon et al. 2006). More recently, focus has shifted to a sixth major 

threat, anthropogenic climate change (Xenopoulos et al. 2005; Morrongiello et al. 2011), which 

will likely interact with all the aforementioned factors but determining the exact mechanisms 

and identifying appropriate conservation management actions to mitigate risks is a significant 

challenge. 

Freshwater fish are particularly vulnerable to these threats; of Australia’s 256 freshwater fish 

species, 23% are listed as nationally threatened (Humphries & Walker, 2013). Fishes of eastern 

Australia face the same broad threats, in particular: rapid population growth and aquatic 

pollution in urban areas (Arthington et al. 1983; Bunn et al. 2010); barriers to fish passage 

including dams, weirs and barrages (Rolls, 2011; Baumgartner et al. 2014); water extraction 

for irrigated agriculture and seasonal reversal of flow regimes (Gherke & Harris, 2001; 

Humphries et al. 2008); a legacy of land clearing for cropping and grazing and intensive 

agriculture that has accelerated erosion and increased delivery of nutrients and sediments to 

streams (Mallen-Cooper et al. 2014); and, reduced quality and availability of in-stream habitat 

from livestock entering streams and historic de-snagging practices (Lintermans 2013; Tonkin 

et al. 2016). There are also at least 34 alien freshwater fish species in Australia that are 

continuing to expand their range (Harris 2013). Many of these species directly or indirectly 

affect native fish species through predation, competition, re-engineering aquatic habitat, and 

transmission of parasites and disease, causing native fish population decreases and 

compromised gene pools (Harris 2013). Lintermans (2007) predicted that without concerted 

actions, Australian freshwater fish species extinctions will occur within the next 30 years.  

A major challenge of freshwater fish conservation is determining the relative roles of multiple 

and interacting stressors in contributing to declining fish diversity and abundance, both within 

the river system (e.g. water quality, barriers) and externally (e.g. climate change, land-use 

change). Whether biotic (e.g. alien species) or abiotic (e.g. flow regime) are key drivers of 

assemblage changes; and at what spatial scale management interventions should be targeted 
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(e.g. Sheldon et al. 2012). Multi-scale ecological models can play an important role in 

determining and predicting the relative influences of these factors on freshwater fish. 

Ecological models are a mathematical interpretation of processes underlying the natural world 

(Quinn & Keough, 2002). Models can be developed to test ecological theories, and in turn, the 

outputs of models can be used to guide management actions and refine ecological theory (Elith 

et al. 2009). Modelling assists in testing conservation and management scenarios for the spatial 

and temporal distribution of fish species and assemblages across large spatial scales that cannot 

be achieved experimentally (Humphries & Walker, 2013). In this regard, ecological models 

can help address the many of the aforementioned challenges faced by river and streams in the 

anthropocene and assist in conservation efforts. 

One class of ecological models, species distribution models (SDMs), has increased in 

popularity in the aquatic sciences over the past two decades. SDMs relate observational 

presence/absence or abundance data to environmental, climate and/or geographical predictor 

variables, to understand key drivers of species distributions, or predict species abundance or 

occurrence across the landscape (or ‘riverscape’ in the case of river systems) (Elith et al. 2009). 

SDMs have been used for predicting reference assemblages for bioassessment (Joy & Death, 

2002), quantifying species-environment relationships to inform ecological understanding (Joy 

& Death 2004; Kennard et al. 2007; Bond et al. 2011); assessing assemblage changes under 

different land use patterns (Oberdorff et al. 2001); predicting responses to future climate or 

restoration scenarios (Bond et al. 2011; Markovic et al. 2012; Domisch et al. 2013); mapping 

aquatic biodiversity and identifying spatial conservation priorities (Hermoso et al. 2011; 

Wilson et al. 2011; Bond et al. 2014); predicting the invasion potential of alien or translocated 

species (Zambrano et al. 2006; Herborg et al. 2007; Capinha et al. 2011); and identifying 

remnant populations and uncovering species range extensions or gaps (Olden & Jackson, 

2002). 

Recent decades have seen a surge in research on the development and use of SDM for a range 

of applications.   A literature search of the Web of Science yielded a total of 294 publications 

since 1992 (following removal of irrelevant publications). Classification of the papers into the 

main subject of research reveals several trends through time (Figure 1-1). First, research using 

SDMs to increase ecological understanding of fish distributions and for spatial conservation 

prioritisation were an early but ongoing focus of publications. Second, around 2008, focus 

shifted towards using models in a predictive capacity for forecasting fish responses to future 

environmental changes, identifying candidate sites for restocking/translocation suitability and 
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stream habitat restoration, biodiversity mapping, and ‘other’ applications. In particular, the 

‘other’ category included studies that used SDMs as input to multi-modelling frameworks (e.g. 

for spatially explicit population viability analyses) or ‘semi-mechanistic’ modelling 

approaches that combine SDMs with elements of dispersal or physiological models (e.g. see 

Kearny et al. 2008), or for use in phylogenetic analyses. Third, fish SDMs for stream 

bioassessment appears to have received little attention. While long established bioassessment 

approaches such as River Invertebrate Prediction and Classification System (RIVPACS) 

models (Moss et al. 1987) are a form of SDM that was not picked up in the search terms, this 

search has highlighted that stream bioassessment researchers have been slow to adopt more 

modern methods of SDM including flexible machine learning and ensemble modelling 

approaches. This is clearly a key area requiring further research (Bailey et al. 2014). Flexible 

machine learning (ML) methods and ensemble forecasting within a consensus framework (e.g. 

Marmion et al. 2009) represent significant advances in predictive ecology, compared with past 

statistical approaches. A few key publications that have brought ML into mainstream 

freshwater fish SDM research include Brosse et al. (1999); Olden (2003); Joy & Death (2004); 

Leathwick et al. (2006); and Elith et al. (2008). 

  

Figure 1-1 Results of a ‘Title, Abstract & Key words’ literature search of the Web of Science 

for publications concerning freshwater fish SDMs with publications grouped according to their 

main research topic. Search terms: (("species distribution" OR "niche" OR "habitat" OR 

"envelope") AND "model*" AND "fish" AND "fresh*"). 
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The main aim of this thesis is to link conceptual ecological advances in fish ecology with 

emerging statistical methods and apply these to stream bioassessment using fish indicators and 

species conservation issues for eastern Australian freshwater fish species. This will be achieved 

by (a) developing a data-driven and objective method for selecting high quality reference sites 

as the basis for a sound bioassessment program; (b) determining whether recently developed 

modelling approaches that align with different theories of community assembly are suitable for 

stream bioassessment and conservation  applications; (c) developing and testing a freshwater 

fish bioassessment index that aligns better with ecological disturbance concepts than the 

commonly used taxonomic completeness index; and (d) applying recently developed SDM 

techniques to a real-world conservation problem: managing declining populations of the 

threatened southern pygmy perch (Nannoperca australis) in the Murray-Darling Basin. 

1.2 Contribution of ecological theory and emerging methods in advancing fish 

SDMs, conservation and management 

For freshwater fish SDMs to be useful, modelling needs to incorporate current ecological 

understanding to inform choice of relevant predictors and model development (Elith & 

Leathwick 2009; Stewart-Koster et al. 2013). Fish assemblages are controlled by multiple 

factors, operating at a variety of spatial and temporal scales (Jackson, et al. 2001; Stewart-

Koster et al. 2007).  Landscape scale factors such as biogeography, climate, stream size, and 

distance to the sea, control higher level organisation, and these are the primary filters that define 

a potential regional species pool (Poff 1997). Biogeographic barriers (e.g. catchment divides, 

sea water) and biogeographic legacies (e.g. extirpations through episodic droughts, floods, 

bushfires and disease, or serendipitous invasions) can create patchiness in regional species 

pools among discrete river basins (e.g. Unmack 2001; Hoeinghaus et al. 2007). In unmodified 

streams, local habitat factors such as presence of large deep pools, fast flowing riffles, and 

macrophyte cover form fairly predictable patterns along a stream continuum (sensu Vannote et 

al. 1980) (e.g. Mugodo et al. 2006). Biotic factors such as predation, competition, and food 

availability, may affect local abundances and distributions, and therefore are likely key drivers 

of composition at the reach scale, although less is known about the relative importance of these 

mechanisms. The influence of these biotic factors compared with niche partitioning, and/or 

species coexistence mediated by strong abiotic controls such as hydrological disturbances, is 

also poorly understood.  Indeed, the role of SDMs in informing and predicting the relative 

effects of biotic versus abiotic factors in community assembly for macro-ecological 

applications has received recent attention (Dormann et al. 2018). The flood pulse concept (Junk 
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et al. 1989) and extensions of this to different stream types (Tockner et al. 2000) highlights the 

importance hydrology (frequency, magnitude and duration of high or low flow event), for 

determining the characteristics of floodplain and in-channel habitat patches; controlling the 

flux of nutrients and organic matter from the floodplain to the stream; and providing cues for 

dispersal and/or spawning. Metacommunity theory (Leibold et al. 2004), and its applications 

to stream ecosystems (Falke & Fausch 2010) has also directed attention to the relationship 

between dispersal and spatially explicit factors, such as distances between populations, or 

habitat patches required for a species to carry out its life history. Spatial relationships in fish 

community structure can be further complicated by discontinuities in the stream including 

confluences with different geomorphic origins (Poole 2002), isolated pools, and natural 

migration barriers such as waterfalls.  Clearly, however, the relative contribution of historical 

biogeographical, environmental, temporal, spatially explicit, and biotic interaction factors is 

dependent on the scale of the area of interest (Jackson et al. 2001). Figure 1-2 summarises the 

key factors conceptualising drivers of riverine fish assemblage structure, and how this 

information fits in a fish species distribution modelling framework. 
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Figure 1-2 Conceptual drivers of freshwater fish species distributions as input into a fish species distribution modelling framework. 
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Several modelling strategies exist that reflect different theories as to how communities 

assemble, and therefore one or a combination of these may be most appropriate for freshwater 

fish in any given study area or intended model use.  The traditional strategy used for modelling 

aquatic biota, with origins in stream bioassessment, is the community wide, “classify-then-

predict” approach; the RIVPACS modelling framework (Wright et al. 1998). Initially co-

occurring taxa groups are classified (e.g. via cluster analysis), then environmental predictors 

that best discriminate between groups are selected for the model, usually via discriminant 

analysis.  However, these models assume that discrete communities exist, which is the subject 

of ongoing debate in ecological literature (McIntosh 1995). Further, it is becoming increasingly 

apparent that RIVPACS type models are outperformed by newer analytical techniques such as 

ML algorithms (Bailey et al. 2014). 

A second strategy is “model-then-assemble”, whereby each species is individually modelled 

and assembled to synthesize a community at a site. The basis for single-species stacked SDMs 

is grounded in ecological niche theory e.g., the Grinellian niche (Grinnell 1917). This approach 

has perceived benefits over whole assemblage models in that the suite of predictor variables 

most relevant to each species are selected (Elith & Leathwick 2009). 

A third strategy is “model and classify together” (multispecies response models), which reflects 

the theory that communities assemble with elements of both discrete community and 

individualistic species responses to environmental gradients (Olden et al. 2006).  Multivariate 

adaptive regression splines (Friedman 1991) and multi-response artificial neural networks 

(MANN) (e.g. Joy & Death, 2004) are two methods that can achieve this. MANNs may also 

incorporate biotic interactions inherently within the modelling framework. 

Other approaches that may offer further insights into fish assemblage structure and predictive 

modelling include trait-based approaches (e.g. Dolédec et al. 1999) that may overcome 

biogeographical limitations of a taxonomic approach, therefore potentially increasing model 

transferability; hierarchical Bayesian approaches that reflect the nested organisation of habitats 

within river systems and basins (Stewart-Koster et al. 2013), and application of 

metacommunity concepts (Cottenie 2005; Leibold et al. 2004), which highlight the roles of 

dispersal, environmental heterogeneity (i.e. spatially explicit arrangement of patches) and 

stochastic demographic processes.  

Within these broader modelling strategies, there are a plethora of modelling algorithms 

available to ecological modellers, each having different data requirements, assumptions, 
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modelling skill required, computational demand and predictive accuracy. The two major 

groups of models commonly used are traditional statistical models (those that rely on 

hypothesis testing, p-values etc.), and data-driven, machine learning models. These can be 

further broken down into community-wide, single species or multispecies response models.  

Further reviews on this topic can also be found in (Ahmadi-Nedushan, St-Hilaire et al. 2006; 

Bolker 2008; Elith et al. 2006; Olden et al. 2008). 

1.3 Stream bioassessment using a reference condition approach 

One of the primary applications of SDMs in freshwater environments is bioassessment, or 

assessment of “river health”. Although not generally labelled as SDMs, site-specific predictive 

models of biotic composition such as RIVPACS and AUSRIVAS have previously been widely 

used for this purpose. Classification of streams into ecoregions and establishment of a reference 

site network underpins these models. Data from reference sites (frequently defined as sites with 

minimal anthropogenic disturbance) provide the benchmark to measure the extent and 

magnitude of anthropogenic disturbance away from an unimpacted or least-disturbed condition 

(Collier et al. 2007).  

In highly modified areas, it may be difficult to locate unmodified streams for some stream types 

(Chessman & Royal 2004; Walsh 2006) and this reduces the effectiveness of referential 

approaches. In these instances, ‘best available’ sites representing those with least human 

induced disturbance are often included for a particular ecoregion in the reference site network.  

However, comparison between sites of different ecoregions for rehabilitation prioritisation 

becomes difficult with spatially inconsistent benchmarks (Hawkins et al. 2010).  A second 

issue is determining the criteria that are assessed for defining reference condition. This is often 

done via expert opinion which is subjective and not always a transparent process.  It is also 

common practice in bioassessment programs to select a single set of reference sites for multiple 

ecological indicators despite the indicators being specifically chosen to respond to different 

stream impacts. For example, Growns (2009) classified bioregions for four aquatic taxon 

groups, and demonstrated that different taxa have widely varying responses to different natural 

and anthropogenic gradients.  

The goal of defining reference conditions has challenged stream ecologists for over three 

decades (see Hawkins et al. (2010) for a history and the evolution of the reference approach).  

Some alternatives to traditional approaches include semi-quantitative reconstruction based on 
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historical sampling and archaeological records (Wolter et al. 2003), environmental filters 

modelling (Chessman 2006), and hindcasting reference condition through statistical correction 

of paleolimnological records (Hawkins et al. 2010), although these methods also have 

limitations (e.g. if historical records are lacking).  A conceptually different approach is to set 

“anthropocene baselines” (Kopf et al. 2015) in recognition that certain aquatic ecosystems have 

been profoundly altered (e.g. complete regime shift), and a ‘pristine’ management target is 

neither socio-economically supported nor ecologically feasible.  

With large spatial datasets becoming readily available there has been a shift towards remote 

(GIS based), a priori selection of reference sites which reduces the subjectivity associated with 

assessments against field criteria, and improves the efficacy of establishing or refining a 

reference site network (Collier et al. 2007; Yates & Bailey 2010). The establishment of a 

remote, a priori, taxa specific and objective reference site selection process is a research 

priority, as this underpins sound SDMs for bioassessment and subsequent stream management 

and/or species conservation decisions.  

1.4 Anthropogenic stressor detection and river health diagnostics using fish 

species distribution models 

Indices used for stream bioassessment generally fall into one of two categories, those based on 

modelled assemblage structure that predict site-specific reference conditions such as the 

taxonomic completeness index, and those that are summary attributes of assemblage structure 

or function (e.g. species richness; proportional abundance of alien species; trophic position). 

Indices from the second category typically use a ‘stream-type specific’ reference approach and 

are often aggregated into a single multi-metric index (e.g. IBI; Karr et al. 1986). The modelled 

assemblage approach appeals to bioassessment practitioners because (1) it is site-specific, and 

therefore potentially more sensitive; (2) it provides insights into species that have become 

locally extinct, and therefore aids in both stressor diagnosis and defining conservation goals.  

The primary goal of stream bioassessment is to determine levels of impairment while 

minimising type 1 (incorrectly assigning a site as impaired) and type 2 (incorrectly assigning a 

site as unimpaired) errors. Collection of standardised data with reliable and repeatable sampling 

protocols, and an objectively defined, unbiased, and high-quality reference dataset are critical 

for bioassessment. Robust bioassessment indices are: (1) sensitive to and have reliable 

relationships with a range of human disturbances (2) able to account for natural variation and 

therefore, are only responsive to anthropogenic disturbances; (3) applicable to all stream types 
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in a given assessment area (4) lacking systemic bias e.g. over- or under-estimating impairment 

for sites with few expected taxa and (5) able to distinguish mild levels of impairment to signal 

early warning for ecosystems in decline. 

Taxonomic completeness (observed/expected ratio; O/E) is the most widely used freshwater 

bioassessment index derived from predictive assemblage models. The index has been 

previously been used for benthic invertebrates, macrophytes, diatoms, phytoplankton, and fish 

indicators, and is commonplace in stream bioassessment programs throughout the world. 

However, it has several drawbacks. It usually only incorporates prevalent taxa such as those 

above a 50% probability of occurrence threshold (e.g. Smith et al. 1999; Hawkins et al. 2000; 

Poquet et al. 2009) to increase index precision (Poos & Jackson, 2012), but at the possible cost 

of omitting rare taxa which may be responsive to subtle levels of disturbance (Cao et al. 2001). 

This threshold can also lead to low numbers of expected species in some situations (e.g. 

Hawkins & Vincent, 2000) and imprecise estimates of ecological condition if the indicator 

group has few taxa (Smith et al. 1999; Barmuta 2002). Further, the O/E index is insensitive to 

changes in assemblage composition that do not affect taxa richness (Chessman et al. 1999; Van 

Sickle, 2008) and is only concerned with predicted species presences, neglecting potentially 

useful information regarding predicted absences. Recently, Hämäläinen et al. (2018) also 

demonstrated that the systematic variation of O/E with E combined with the common quantile 

approach to defining reference versus impaired streams can lead to severe biases in decision 

making.  

An alternative approach proposed by Van Sickle (2008), the BC index, overcomes many of 

these limitations and has been shown to improve index sensitivity for benthic 

macroinvertebrates. Surprisingly, this index has received very little attention since being 

proposed, and warrants further investigation for fish indicators with a goal of improving 

stressor detection and river health diagnostics. Gains in sensitivity from any newly proposed 

index, or indeed from emerging statistical approaches such as machine learning algorithms 

applied as SDMs, need to be substantial for bioassessment practitioners to change practices 

(Webb et al. 2014), otherwise such pursuits are purely academic. 

1.5 Species distribution models and fish conservation applications. 

SDMs have considerable potential for directing spatially explicit species conservation 

decisions (Elith & Leathwick, 2009). Applications of SDMs include forecasting and 

controlling the impacts of biological invasions, optimising reserve design, identifying and 

protecting critical habitat and undertaking managed translocations (Guissan et al. 2013). 
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However, despite the dramatic rise in SDM studies in the literature over the past 20 years, a 

study using a keyword search in the ISI database by Guissan et al. (2013) found that <1% 

published SDM studies were specifically targeted towards conservation decisions. There is a 

clear need for further ‘real world’ SDM conservation applications; and this will require active 

input from both managers and modellers. Stream bioassessment databases are an under-used 

resource in this domain, especially considering the high rate of loss of freshwater habitats 

globally, and in particular, threats to obligate freshwater fauna such as fish. Stream 

bioassessment datasets are highly suited to SDM applications as they are (1) presence-absence 

rather than presence only, allowing for model validation; (2) collected using a standardised 

protocol that quantifies sampling effort (3) usually without significant spatial bias within an 

assessment area and (4) usually quality controlled data.  

1.6 Key considerations for species distribution model development and application 

Ecological modelling is largely based on a series of trade-offs. Models are only as good as the 

data used in their construction (“garbage in, garbage out”), therefore objective reference site 

selection (Yates & Bailey 2010), adequate sampling intensity, accurate taxa identification, 

unbiased stream representation, and the use of withheld validation data to test models are key 

considerations.  Data collection via efficient standardised quantitative methods is essential 

(Kennard et al. 2006b), and use of  presence-absence rather than presence only modelling 

(using pseudo-absences) allows for  model validation. Perhaps equally important is the 

inclusion of sensible, ecologically relevant predictor variables, adequately addressing known 

key drivers of fish community structure (i.e. linking current theory with modelling). There is a 

temptation for modellers to use a large number of predictor variables without conceptualising 

their ecological relevance and instead letting the model “choose” the best predictors. However, 

meaningful prior variable selection not only promotes parsimony, it facilitates ecological 

understanding and inferences from modelled data.  Also, the use of direct variables, rather than 

spatially autcorrelated proxies can help elucidate cause and effect, and therefore contribute to 

potential future management actions.  For example, while elevation is often selected for fish 

distribution models, it is likely a surrogate for more direct variables such as stream temperature 

and flow velocity. These more direct variables are more amenable to change through 

management (e.g. riparian restoration, environmental flow releases); however, datasets 

containing these are generally less available, especially spanning large spatial scales.  

Even with adequate sampling, spurious species-environment associations, and associated 

modelling errors can occur due to source-sink dynamics (Pearson 2007).  This may occur for 
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species with high dispersal ability, where a population may become trapped in a ‘sink’, an 

unfavourable environment, with the outcome being extinction. In this case, the organism is 

sampled outside its fundamental niche.  This is often overlooked, or assumed negligible in 

species distribution modelling, but may be of particular importance to fish assemblages, if 

sampling occurs during, or immediately following periods of high dispersal, and where species 

become trapped during dispersal e.g. flooding, or pool isolation; see Kennard et al. (2006a).  

A key goal of modelling is parsimony, which is the balance between maximising the data 

explained and selecting as few, meaningful variables as possible to retain ecological relevance. 

Various tools exist for this purpose (e.g. Akaike’s information criteria, Bayesian inference 

criteria), and the model selection tool used may affect model success (Warren & Seifert, 2011).  

The method of model validation and error assessment are key considerations (Fielding & Bell, 

1997).  Traditional goodness of fit measures such as p-values and r2 are generally not relevant 

to SDMs, as statistical assumptions such as normality and data independence are frequently 

violated (Hijmans & Elith, 2013). Model validation via resubstitution (i.e. assessing predictions 

based on the entire training dataset) tends to produce over-optimistic error estimates, thus using 

an independent validation dataset is a more acceptable approach.  A rule of thumb is to retain 

25% of data for validation, where there are greater than 10 presence records (Fielding & Bell, 

1997).  An alternative method is to use entire datasets for training and source ‘prospective’ 

validation data that is geographically or temporally different to the training set. If there are few 

data, other methods such as k-fold partitioning, bootstrapping, and jack-knifing, or a number 

of these methods may be appropriate for validation.  

Numerous accuracy measures can be calculated from a confusion matrix; however, most are 

threshold dependent (i.e. a threshold such as 0.5 must be set to define presence and absence), 

and each measure may have bias towards false negative or false positive results.  Common 

measures include correct classification rate, sensitivity, specificity, odds ratio and Kappa, with 

the latter being one of few measures that use all terms in the confusion matrix. There are many 

different methods for defining thresholds (see Liu et al. 2005) and this requires consideration, 

because in some cases, p=0.5 may not be appropriate if there is an ecological or economic cost 

associated with type 1 (false positive) or type 2 (false negative) errors. See Fielding & Bell 

(1997) for a thorough discussion on types of error measures and how each is best applied. 

Species prevalence can also bias both model predictions and accuracy metrics for some 

modelling types such as logistic regression and discriminant analysis (McPherson et al. 2004).  

In contrast, area under curve (AUC) of receiving operator characteristics (ROC) plots is 
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invariant to prevalence, and threshold independent and is the most commonly applied 

evaluation technique in ecological modelling for these reasons. AUC is regarded by some as 

best practice for model evaluation (Austin 2002). 

Other technical considerations include modelling non-linear relationships, multicollinearity of 

predictor variables, and capacity to elucidate variable importance. The type of modelling 

approach selected will have pros and cons for each of these. For example, a simple stepwise 

logistic regression model may perform as well as complex ML algorithm (e.g. Artificial Neural 

Network - ANN, Random Forest), provided statistical assumptions are met (e.g. Wenger & 

Olden, 2012). In the former, the relative importance of predictors can be easily obtained from 

the statistical output, which is more difficult in some ML methods (sometimes coined “black 

box” approaches).  Indeed, while comparative studies have shown for some methods to be 

better than others, Terribile (2010) advocates that further modelling comparison studies are 

required, as findings also highly depend on the taxa, the study area, and the skill of the 

modeller.  

Most SDMs are static, assuming that species are in equilibrium with their environment.  Fish 

communities are known to respond to flow conditions (Jackson et al. 2001), but there is also a 

trade-off between using static versus antecedent predictor variables, and those obtainable from 

a GIS layer. Further, recent modelling work in SEQ using ANNs has shown that landscape, 

habitat and long-term flow measures were more important predictors than short term 

antecedent hydrological variables (Kennard et al. 2007).   

For fish assemblages under reference conditions, local habitat variables can be largely 

estimated from catchment scale factors (Mugodo et al. 2006) and more local sub-catchment 

GIS-based parameters, meaning that model predictions can be mapped to GIS stream networks. 

Spatially explicit model predictions expand the range of model applications beyond site-based 

predictions e.g. estimating range changes under different climate change scenarios, and as input 

data for conservation reserve design selection algorithms. 

A final point is that more sophisticated machine learning modelling approaches do not 

necessarily improve models without complementary data collection to address the ecological 

shortfalls that may compromise modelling (Olden et al. 2010; Cardoso et al. 2011; Mokany & 

Ferrier 2011; Hortal et al. 2015).  These shortfalls include: 

1. The “Linnaean shortfall” of undiscovered and undescribed species. 
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2. The “Wallacean shortfall” referring to inaccurate distribution knowledge based on sparse 

survey data.   

3 The “Hutchinsonian shortfall” referring to a lack of knowledge regarding a species 

fundamental and realized niche.  

4. The “Prestonian shortfall” – changes in species abundance through space and time, which 

can only be addressed via standardised collection protocols.  

 

1.7 Aims and structure of thesis  

This overarching aims of this thesis were to address a number of knowledge gaps that presently 

limit the accuracy and application of predictive fish SDMs for stream bioassessment, river 

management and freshwater fish conservation. The thesis is presented as a series of three 

primary-authored peer-reviewed papers and one submitted paper in review, preceded by a 

general introduction (Chapter 1, this chapter) and description of the study area (Chapter 2) 

and followed by a general discussion (Chapter 7). The key research questions, ecological 

concepts and knowledge gaps being addressed and modelling applications for each data chapter 

are outlined in Table 1-1.  

Chapter 3 was conceived in recognition of the need for unbiased and fit-for purpose data as 

the basis for accurate fish SDMs for bioassessment and conservation. The literature review 

identified a wide-range of methods for determining reference conditions for stream 

bioassessment, many of these having elements of subjectivity. To address subjectivity 

associated with ‘best professional judgement’ and similar methods, I developed a novel, data-

driven approach using species turnover modelling (generalised dissimilarity modelling) to 

increase objectivity and transparency in reference site selection. This chapter also tested 

whether biogeographic legacies of species distributions among discrete coastal catchments 

limited the use of reference sites spanning southeast Queensland (SEQ) and northeast New 

South Wales (NEN). The data-driven approach was then used to select reference sites and 

sample fish assemblages for Chapter 4. 

Chapter 4 tested how reference fish assemblages are structured in relation to different species 

assembly theories (e.g., species arrangement in discrete communities, species sorting 

independently across environmental gradients, or elements of both) by comparing different 

modelling approaches reflective of these processes (community level modelling, stacked 

‘single species’ models and multi-species response models). This work was then used to 
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determine which of these modelling paradigms best suit stream bioassessment and other 

conservation applications such as survey gap analysis, estimating range changes owing to 

climate or land use change and estimating biodiversity.  

Chapter 5 developed and tested an index that incorporated both native species losses, and 

gains of tolerant and alien species into a unified index of community change for stream 

bioassessment. This study used a single species ensemble modelling approach (as informed by 

chapter 4) to predict species occurrences and combined predictions into an index akin to Bray-

Curtis dissimilarity. The resultant index, ‘BCA’, markedly outperformed the widely used 

taxonomic completeness index derived from community classification (discriminant function 

analysis) models and has considerable potential for improving stream bioassessment index 

sensitivity for a range of freshwater indicators (diatoms, macroinvertebrates, macrophytes). 

Chapter 6 was developed in recognition that the vast majority of peer reviewed SDM papers 

still fall within the theoretical and technical realm, with few directly addressing real-world 

conservation outcomes.  This chapter is an applied study using SDMs to inform conservation 

management for an imperilled fish species.  This study incorporated alien species abundance 

models as predictors into an ensemble SDM for southern pygmy perch (Nannoperca australis) 

to identify remnant habitats of this declining species in northern Victoria. The model identified 

key drivers and threats to the species, estimated habitat loss owing to changed land-use and 

alien species introductions, informed survey gap analysis, and identified stream segments for 

targeted management and reintroduction of the species. This study forms the basis for a N. 

australis captive breeding and translocation plan in northern Victoria. 

Chapter 7 synthesizes that main findings from the thesis and identifies future directions for 

species distribution modelling research in freshwater ecosystems.
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Table 1-1 Structure of thesis data chapters 

Research Questions Ecological concepts 

and knowledge 

gaps addressed 

Study area Modelling 

approach 

Ecological applications 

Chapter 3 

• What are the key natural and anthropogenic gradients driving species 

turnover of riverine fish across SEQ and NEN streams? 

• Do biogeographic legacies among coastal basins in the study area limit 

the use of reference sites for predictive bioassessment? 

• Can an objective data-driven method be developed for stream 

classification and reference site selection? 

Objectively 

defining reference 

condition and 

testing 

biogeographic 

theory 

NEN and 

SEQ 

Generalised 

Dissimilarity 

Models 

Establishing a benchmark 

for stream bioassessment, 

land-use and climate change 

Chapter 4 

• Do fish species in the study area assemble as a collection of individual 

species sorted independently across environmental gradients without 

significant species interactions, as discrete assemblages or with elements 

of each of these? 

• Does one or a consensus of modelling approaches improve species 

predictions for a range of ecological applications? 

• Do field derived predictor variables (in addition to GIS derived 

variables) improve species predictions? 

Community 

assembly theory 

NEN and 

SEQ 

Community 

level models, 

stacked single 

species 

ensemble 

SDMs and 

species multi-

response 

models 

Decision support for 

modelling approaches 

matched to a range of 

freshwater research and 

management applications 

Chapter 5 

• Does incorporation of species gains (both tolerant native species and 

alien species) into a unified metric of community change improve its 

sensitivity relative to traditional approaches that consider only species 

losses, such as the taxonomic completeness index? 

Sensitivity of 

bioassessment 

indices and 

ecological 

disturbance theory 

NEN and 

SEQ 

Stacked single 

species 

ensemble 

SDMs 

Stream bioassessment and 

stressor diagnosis 

Chapter 6 

• Do alien species abundances limit the present distribution of declining 

southern pygmy perch?  

• To what extent has southern pygmy perch declined in distribution owing 

to land use change and interactions with alien species? 

• Can ensemble SDMs be used to locate new populations and support 

conservation management of this species? 

Incorporating alien 

species interactions 

into SDMs for 

species 

conservation 

Southern 

Murray-

Darling 

Basin 

Random forest 

species 

abundance 

models and 

stacked single 

species 

ensemble 

SDMs  

Species conservation 

including survey gap 

analysis, estimated range 

change under land-use and 

alien species scenarios, 

managed translocations 
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Chapter 2 Study areas and datasets used 

 

2.1 Study areas 

The study area for data chapters 3-5 is subtropical coastal south-eastern Queensland (SEQ) and 

north-eastern NSW (NEN).  The study area for data chapter 6 is the southern Murray-Darling 

Basin, with a focus on northern central Victoria. 

For chapters 3-5 the study area extends from the Mary River catchment (25.38 °S) in the north, 

to the Coffs Harbour coastal creek catchments in the south (30.48 °S) and covers an area of ~ 

64000km2 (Figure 2-1). The region spans a single biogeographical province on the basis of 

freshwater fish distributions (Eastern Province; Unmack 2001) and represents a transitional 

zone between the distributions of tropical and temperate fish species (Pusey et al. 2004). The 

climate ranges from cool-temperate in the west, to subtropical along the coastal margin, with 

rainfall being highest during the summer and autumn. River discharge is generally low and 

stable during winter and spring (Kennard, 2005). Both rainfall and stream flows are highly 

seasonally and inter-annually variable, with extreme high and low flows occurring at any time 

of year (Kennard et al. 2010). The region contains a range of vegetation types, including 

subtropical, warm and temperate rainforest, wet and dry sclerophyll forest, tableland and dry 

valley woodlands and coastal ‘wallum’ (Banksia spp.) heaths (Anon 2013). Key land uses in 

the region include cattle grazing and cropping, large tracts of urban and industrial development, 

managed and plantation forests and a range of intensive plant and animal industries (Abal et 

al. 2005). Consequently, many streams in the study area have degraded water quality, in-stream 

habitat and riparian condition. The SEQ portion of the study area contains large urbanised areas 

including Brisbane, Gold Coast and the Sunshine Coast, and has a greater number of regulated 

stream sections and anthropogenic barriers to fish passage than does the NEN portion.
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Figure 2-1 Map of the thesis study areas showing the River Disturbance Index (RDI; Stein et al. 2002, 2014) mapped to the stream network and 

river basins or sub-basins for northern central Victoria (left) and NEN/SEQ (right). Low RDI values indicate low levels of human pressures in the 

upstream catchment due to land-use activity, pollution, impoundments and flow diversions.

 

Northern Victoria 

study area 

SEQ and NEN 

study area 
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Chapter 6 focusses on the North Central Catchment Management Authority (CMA) region in 

the southern Murray-Darling Basin (Fig 2.1). The region consists of four river basins, the 

Campaspe, Loddon, Avoca and Avon-Richardson Rivers, covering 13% of the land area of 

Victoria and includes the major regional city of Bendigo (population ~110,000).  The region 

has a Mediterranean climate with warm dry summers and cool wet winters. Average annual 

rainfall varies from 350 mm in the north western areas of the Avon-Richardson catchment to 

1200 mm in the south-eastern areas (NCCMA, 2014). Land-use is diverse, consisting of 

irrigated agriculture in the north, cropping and mixed farming in the west and cropping and 

grazing country in the mid and upper catchments. The northern reaches of the Loddon and 

Campaspe rivers are regulated to service the Campaspe, Torrumbarry and Loddon irrigation 

areas. Major irrigation storages form significant barriers to fish passage and include Lake 

Eppalock in the Campaspe system and Cairn Curran, Tullaroop and Laanecoorie Reservoirs in 

the Loddon system. Water extraction and seasonal reversal of flow regimes coupled with large-

scale land clearing, stock access to stream banks and historic gold mining has led to irreversible 

erosion and sedimentation of many of the waterways, particularly in the Loddon catchment 

(MDBA, 2018). In the northern section of the Loddon, there are three Murray River anabranch 

systems that are used as irrigation water carriers: Gunbower Creek, Pyramid Creek/lower 

Loddon River, and Little Murray River. Gunbower Forest is a Ramsar wetland complex 

between Gunbower Creek and the Murray River, and pre-regulation, would have contained 

significant populations of small-bodied wetland specialist fish species (e.g. southern pygmy 

perch, flat-headed galaxias) (Mallen-Cooper et al. 2014). The region, along with much of 

south-eastern Australia, experienced the “Millennium Drought” (~1997~2009; Chiew et al. 

2014), which completely dried many streams, including sections of the major rivers, such as 

the Loddon River around Canary Island. This drought had a deleterious impact on fish 

populations and assemblages throughout the southern MDB, evidenced by emergency 

interventions for several threatened fish species (Lintermans & Robinson, 2018). 

2.2 Datasets used 

Chapters 3, 4 and 5 use existing stream bioassessment and fish datasets from SEQ and NEN 

(SEQ Ecosystem Health Monitoring Program data - see Bunn et al. 2010; the dataset from 

Kennard et al. 2006b; and the NSW Department of Primary Industries Freshwater Fish 

Research Database - Hartley & Crease, 2004)   as well as additional fish assemblage data 

collected as part of this thesis. Environmental predictors as input to modelling were sourced 

from National Environmental Stream Attributes database for rivers (Geoscience Australia 
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2011) and site based local habitat assessments. Chapter 6 focusses on the declining southern 

pygmy perch (Nannoperca australis) and uses fish data from the Sustainable Rivers Audit in 

the southern MDB (Davies et al. 2010), additional data collected as part of this thesis from the 

North Central CMA area, and environmental predictors from the National Environmental 

Stream Attributes database for rivers. Generally, datasets for each chapter consist of a model 

calibration data (fish and environmental predictors) and external model validation data which 

consists of sites and/or sampling occasions not included in the model calibration. This allows 

for best practice assessment of model generality (Olden & Jackson 2002).
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3.1 Abstract 

Key issues with defining reference condition for stream bioassessment are (1) equivocal 

definitions of ‘minimally disturbed’ pressure criteria and wide-ranging approaches to site 

selection, (2) highly modified regions where near pristine areas do not exist, leading to 

management decisions based on inconsistent and unquantified benchmarks and (3) costly field 

campaigns associated with ‘extensive spatial survey’ approaches. We used generalised 

dissimilarity modelling (GDM) to classify stream segments into ecotypes, and transparently 

and efficiently define candidate reference conditions for the Ecosystem Health Monitoring 

Program (EHMP) assessment area in south-eastern Queensland, a highly modified region with 

a complex biogeographic history. We modelled fish presence–absence data from 396 sites with 

GIS-based natural and anthropogenic predictors. Stream segments were classified into 

ecotypes using the GDM transformed natural variables so that (1) reference-site selection 

adequately covered the β-diversity of the study area and (2) we could evaluate the validity of 

incorporating sites from neighbouring catchments outside of the EHMP assessment area. 

Relationships between selected anthropogenic variables (the river disturbance index and 

%stream connectivity) and fish assemblages were used to define pressure criteria and map 

candidate reference conditions. We conclude by describing a new framework that can be used 

to select indicator-specific reference sites by GDM and a stratified, probabilistic sampling 

design. 

3.2 Introduction 

Rivers and streams are among the most threatened ecosystems on earth (Vörösmarty et al. 

2010). A combination of overexploitation, water pollution, flow modification, habitat 

degradation and invasion by exotic species are major global threats to freshwater biodiversity 

(Dudgeon et al. 2006). Biological monitoring and assessment programs are used to inform 

effective river rehabilitation, alert stream managers to emerging threats, and direct species and 

biodiversity conservation efforts, and these usually rely on a reference-condition approach 

(RCA) (e.g. Bunn et al. 2010; Davies et al. 2010). Reference sites are parts of the river network 

usually defined as having an absence of significant levels of human disturbance or alteration, 

and ‘naturalness’ of biota (see Stoddard et al. 2006). In bioassessment, the RCA involves 

comparing community structure (or biotic or functional indices) at a test site, with the range of 

communities or index values derived from a representative group of reference sites. Thus, 

reference sites provide the benchmark by which the magnitude and spatial extent of 
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anthropogenic disturbance can be measured at test sites (Collier et al. 2007). Identification of 

reference condition sites is central to most stream bioassessment programs worldwide, and may 

also be useful for identifying areas of high conservation value (e.g. Leathwick et al. 2011), 

potential restocking or managed relocation sites (Olden et al. 2011) and sites that may be more 

resilient to the impacts of climate change.  

There are several key issues associated with selecting reference sites. First, a wide range of 

procedures has previously been used to identify candidate reference sites, each with strengths 

and weaknesses (Stoddard et al. 2006; Hawkins et al. 2010), and the term ‘reference’ has 

previously been applied to a variety of definitions of expected condition (Stoddard et al. 2006). 

Second, subjective methods such as best professional judgement using multiple qualitative or 

semi quantitative criteria are often used to define a site in reference condition, and sites are 

usually hand selected (non-randomly sampled from a pool of candidate sites), which may 

introduce an element of bias, as opposed to using a probabilistic (i.e. randomised) sampling 

design (Stoddard et al. 2006; Collier et al. 2007). Third, in highly modified areas, near pristine 

sites may simply not exist for some stream types, and supplementing the reference-site network 

with ‘best available’ sites of variable quality may reduce the effectiveness of bioassessment 

because direct comparisons among test sites cannot be made (Hawkins et al. 2010). 

Considerable funds are spent using the RCA for bioassessment and for stream restoration 

worldwide (Alexander and Allan 2006; Lake et al. 2007). Therefore, there is a need for 

objective and transparent processes to (1) create a biologically informed stream typology to 

ensure adequate representation of stream types in an assessment area, and (2) define relevant 

pressure criteria and select candidate reference sites. GIS-based methods are increasingly being 

used for this purpose (e.g. Collier et al. 2007; Yates and Bailey 2010).  

Generalised dissimilarity modelling (GDM) is a recent method that models β-diversity (species 

turnover) as a function of environmental gradients and accounts for non-linear relationships, 

thus improving the classification of environmental attributes, such as stream reaches (Ferrier 

et al. 2007). It has the advantage of automatic transformation and weighting of variables, and 

so accounts for relative importance of predictors, further improving classification success 

(Snelder et al. 2009). GDM has been demonstrated to outperform several traditional 

classification procedures for identifying ecological regions, particularly at coarse classification 

levels (e.g. 5–25 classes) (Snelder et al. 2009, 2010, 2012). GDM can inform stratification of 

stream types so that sampling effort can be directed at maximising the coverage of β-diversity 

within an assessment area, which may improve subsequent predictive modelling for 
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bioassessment (e.g. AUSRIVAS-type models, see Smith et al. 1999; Simpson and Norris 

2000). It has also been used to model both natural and anthropogenic drivers of compositional 

dissimilarity among stream segments, and to create GIS-based projections of β-diversity in the 

absence of human impacts (Leathwick et al. 2011). Outputs from GDM can be used to 

complement field-based criteria and derive candidate reference sites, thereby providing a 

transparent definition of ‘minimal disturbance’ tuned to the target bioindicator, and improving 

the efficacy of site selection.  

Several strategies exist to deal with a lack of near-pristine reference sites for a given water-

body type in areas where they do not exist. One approach is to generate expected condition by 

choosing sites with some degree of anthropogenic disturbance, e.g. ‘best attainable condition’ 

or ‘least-disturbed condition’ (Stoddard et al. 2006). However, the issue of having benchmarks 

that differ among ecotypes is particularly problematic when the degree of impact to reference 

sites is not quantified for each ecotype (Stoddard et al. 2006).  

A second approach has been to use a modelling method that does not need reference sites. For 

example, environmental-filter models (Chessman and Royal 2004; Chessman 2006) produce a 

local species list by iteratively ‘filtering out’ species whose traits or preferences prevent them 

from persisting in a given location. However, the potential for a species to occur is modelled 

(i.e. can the species occur at a given location?) rather than its probability of occurrence for a 

particular sampling method (Davies et al. 2010), and it can be difficult to estimate values for 

certain filters that represent minimally disturbed conditions (Chessman and Royal 2004). 

Another approach is the use of historical species records to generate species-distribution 

models to derive an expected taxa list and generate a ratio of observed to expected species 

index. This has had variable success (e.g. Growns et al. 2013; Joy 2013) because the predicted 

probabilities of ‘natural’species occurrence may be affected by the inclusion of affected sites 

in the model-training dataset (Joy 2013). Angradi et al. (2009) identified ‘least disturbed’ 

condition in the great rivers of the USA by using quantile regression to associate a set of fish-

based bioassessment metrics with a multi-metric stressor gradient, rather than defining 

reference sites a priori with pass–fail criteria.  

A third approach is the use of (pre-impact) historical data or paleolimnological data to 

reconstruct reference conditions (Wallin et al. 2003). However, this is limited to situations 

where suitable historical records exist or to certain indicators where paleo reconstruction is 

possible (e.g. diatoms).  
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A final approach is to ‘borrow’ sites from outside an assessment area and project model 

predictions across space (e.g. Maxted et al. 2000). However, this may be problematic if the 

neighbouring regions are not geographically or ecologically similar, owing to biogeographic 

legacies or distance-decay phenomena. For example, obligate freshwater species such as 

potadromous fish have minimal dispersal between adjacent coastal drainage basins (Unmack 

2001; Hoeinghaus et al. 2007). Therefore, biogeographical history within and among basins, 

for example, episodic droughts, floods, bushfires and disease that may have extirpated species 

or promoted speciation, may limit the transferability of model outputs across regions that span 

numerous coastal drainages. By simultaneously modelling species composition and 

environmental gradients, GDM can test the validity of using reference sites sourced from 

outside an assessment area that may have potentially different stream types, species pools, or 

a similar species pool but with species interacting differently with their environment (e.g. 

through trait plasticity). 

3.3 Aims 

 In this paper, we use GDM to establish a transparent, spatially continuous method for 

efficiently selecting candidate reference sites for subsequent sampling and species distribution 

modelling. We use the south-eastern Queensland (SEQ) Ecosystem Health Monitoring 

Program (EHMP 2008; Bunn et al. 2010) as a case study to demonstrate how to select further 

reference sites with greater spatial coverage and representativeness (Kennard et al. 2006a). We 

aim to (1) determine which natural and anthropogenic variables best explain species turnover 

of riverine fish, (2) visualise β-diversity by projecting biologically informed classified stream 

types (herein termed ‘ecotypes’) to the entire stream network, (3) determine the degree to which 

biogeography affects assemblage composition among coastal drainages, and, therefore, 

whether it is appropriate to use stream segments sourced from outside the EHMP assessment 

area to develop future species-distribution models for bioassessment, (4) use outputs from the 

GDM to define pressure criteria and map candidate reference condition, (5) select and sample 

reference sites using a probabilistic design and externally evaluate the ecotype classification 

using this dataset and (6) propose a data-driven framework for GDM-based reference-site 

selection. 
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3.4 Materials and methods  

3.4.1 Study area 

The study area includes rivers and streams from coastal eastern Australia, extending from the 

Mary River Basin (25.38 °S) in the north, to the Clarence River Basin (30.48 °S) in the south 

(including small coastal basins adjacent to the Clarence River Basin) and covers an area of ~ 

64000km2 (Figure 3-1). Although the region spans a single biogeographical province on the 

basis of freshwater fish distributions (Unmack 2001), it represents a transitional zone between 

the distributions of tropical and temperate fish species (Pusey et al. 2004). The climate ranges 

from cool-temperate in the west, to subtropical along the coastal margin, with rainfall being 

highest during the summer and autumn. Both rainfall and stream flows are highly seasonally 

and inter-annually variable, with extreme high and low flows occurring at any time of year 

(Kennard et al. 2010). The region contains a range of vegetation types, including subtropical, 

warm and temperate rainforest, wet and dry sclerophyll forest, tableland and dry valley 

woodlands and coastal ‘wallum’ (Banksia spp.) heaths (Anon 2013). Key land uses in the 

region include cattle grazing and cropping, large tracts of urban and industrial development, 

managed and plantation forests and a range of intensive plant and animal industries (Abal et 

al. 2005). Consequently, many streams in the study area have degraded water quality, in-stream 

habitat and riparian condition. The south-eastern Queensland section of the study area contains 

large urbanised areas including Brisbane, Gold Coast and the Sunshine Coast, and has a greater 

number of regulated stream sections and anthropogenic barriers to fish passage than does the 

north-eastern New South Wales (NSW) section. 
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Figure 3-1 Coastal basins of the study area, location of the 396 sample sites, 128 external 

evaluation sites, and major rivers. The Ecosystem Health Monitoring Program (EHMP) is a 

bioassessment program used to report on river health at a regional scale in south-eastern 

Queensland; the shaded area depicts the reporting area of this program. 

3.4.2 Identifying reference condition using a data-driven framework 

Herein, we present a data-driven framework for defining candidate reference conditions using 

GDM, and selecting and sampling reference sites using a stratified, probabilistic design ( 
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Figure 3-2). The methods for each phase are detailed for our case study in the following 

sections. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-2 Process for defining reference condition and selecting reference sites for sampling 

by using generalised dissimilarity modelling (GDM). 

 

3.4.3 Data assembly 

Fish species presence–absence data were assembled from the following three sources: the SEQ 

EHMP (133 sites, Bunn et al. 2010); the dataset containing SEQ reference and test sites used 

Phase 1 Assemble environmental GIS predictor and biological response 
datasets  

Phase 2 Generalised dissimilarity modelling – to determine key natural 
and anthropogenic drivers of species turnover 

Phase 3 Define Ecotypes – Cluster GDM transformed ‘natural’ variables, 
and project to a GIS map 

Phase 4 Define reference criteria - Use I-spline function plots to define 
levels that cause species turnover (i.e. movement away from an 
unimpacted state) along each stressor gradient selected by the model 

Phase 5 Select and sample reference sites:  
• Filter out mapped segments that do not meet reference 

condition 

• Randomise a list ‘reference’ stream segments for each Ecotype 

• Shortlist desired number of sites for each Ecotype and undertake 
desktop validation of site access 

• Sample target segments, and ordered ‘backup’ segments where 

access is not suitable 

• Use reference biotic dataset to validate stream typology 
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to derive and test AUSRIVAS type models (75 sites, Kennard et al. 2006a); and sites from the 

NSW Department of Primary Industries Freshwater Fish Research Database extending south 

to the Clarence River Basin (188 sites, Hartley and Crease 2004). Whereas the first two datasets 

were collected using standardised electrofishing and seine-netting protocols (see EHMP 2008; 

and Kennard et al. 2006c), the NSW dataset was collected using a range of methods, but usually 

a combination of electrofishing, baitfish traps and seine netting. Additionally, the number of 

repeat samples varied among datasets, with the majority of EHMP sites being sampled 18 times 

over 9 years, whereas many sites in the NSW dataset were sampled only once.  

To account for collection-method bias, we (1) excluded sampling events from the NSW dataset 

that did not use electrofishing (boat or backpack), or electrofishing and other techniques (e.g. 

seine netting, baitfish traps, fyke netting) in combination, and (2) omitted samples with less 

than two species. Although the second procedure may have removed sites with naturally low 

species richness regardless of sampling effort, it was a necessary step, because these sites 

would have produced many between-site dissimilarity values equal to one, potentially biasing 

the resulting classification (Growns 2009). Sites on non-riverine systems (e.g. dams, lakes, 

swamps) were also removed. To account for spatial bias owing to repeat sampling 

predominantly in SEQ, a single sampling occasion was randomly drawn from samples at each 

site in the entire dataset. Finally, because the aim of the present study was to classify reference 

stream types for indigenous riverine fish assemblages, alien, translocated and estuarine vagrant 

species were omitted from the dataset. The final dataset comprised comparable estimates of 

species presence–absence for 38 native fish species (Appendix A) at 396 sites with 

comprehensive spatial coverage across the study region (Figure 3-1).  

We selected candidate predictor variables describing ecologically relevant natural and 

anthropogenic pressure gradients on the basis of prior research in the region (Kennard et al. 

2006a; Kennard et al. 2007; Stewart-Koster et al. 2007; Growns 2009). Although site-specific 

habitat and antecedent flow-condition variables (such as stream width, depth, flow velocity, 

percentage of macrophytes, logs, substrate) are often included in fish assemblage models (Joy 

and Death 2004; Kennard et al. 2006a), we included only variables derived from spatially 

complete datasets to allow projection across the entire stream network. Environmental data 

were sourced from the National Environmental Stream Attributes database for rivers 

(Geoscience Australia 2011). To account for local, regional and historic (biogeographic legacy) 

processes, the selected variables cover four spatial scales, namely, stream segment 

(subcatchment), catchment upstream of the site, flow path downstream of the site and the entire 
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coastal basin. Initially, 37 candidate variables were identified, but were reduced to 21 after 

removal of highly correlated variables (absolute Pearson’s correlation coefficients >0.8), as 

GDM can be sensitive to multicollinearity among predictors (Koubbi et al. 2011). The final set 

of environmental predictor variables (Table 3-1) describes the following: hydrology (mean and 

coefficient of variation in annual discharge, estimated using a catchment water-balance model); 

air temperature (mean temperature of the hottest month); mean annual rainfall; river-basin 

topography (elevation, distance to river mouth and valley slope), which is indicative of the 

depositional environment and the potential for stream aquifer connectivity, and relative 

proportion of depositional areas in the catchment; substrate hydrogeological properties that can 

shape ecologically important properties of the stream hydrograph (unconsolidated and igneous 

rocks); a proxy for food availability and habitat associated with autotrophic conditions 

(modelled terrestrial annual mean net primary productivity); maximum upstream elevation; and 

natural barriers to fish migration (downstream waterfalls and maximum downstream slope). 

We also used a suite of variables at the entire-basin scale, including maximum rainfall and 

elevation (potentially indicative of habitat heterogeneity and flow refugia within each 

catchment), as well as the geographic coordinates of each basin outlet as a proxy for potential 

past and contemporary dispersal opportunity, and also to differentiate among basins for 

unaccountable biogeographic legacies (e.g. past drainage rearrangement, species extinctions). 

We used the river-disturbance index (RDI, Stein et al. 2002) as a direct measure of human 

pressure on rivers. RDI values reflect both the spatial extent and potential magnitude of impact 

on riverine ecosystems as a result of human pressures including land use, urbanisation, 

extractive industries and other point sources of pollution, and water infrastructure (Stein et al. 

2002). Data for this index were updated in 2010, and this is currently the best available spatially 

consistent GIS database of human pressures on rivers in Australia. Finally, we included a river-

connectivity variable (percentage length of barrier-free flow path) to directly account for 

anthropogenic barriers to fish passage. 
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Table 3-1 Description and spatial scale of predictor variables used for GDM analysis. The two 

‘anthropogenic’ variables are in bold text, all other variables are ‘natural’. 

 

3.4.4 Model selection 

Generalised dissimilarity modelling analysis was performed in R (version 2.13.1, Foundation 

for Statistical Computing: Vienna, Austria) using custom scripts available at 

https://sites.google. com/site/gdmsoftware/ (accessed 27 August 2014) and described in Ferrier 

Scale Predictor Code Description Units 

Segment/sub-

catchment 

STRELEMEAN Mean segment elevation m.a.s.l 

 STRHOTMTHM Stream and environs hottest month mean 

temperature  

°C 

 STRANNRAIN Stream and environs average annual rainfall  mm 

  VALLEYSLOP Stream segment slope % 

Downstream 

segments 

DOWNAVGSLP Average slope of downstream flow path % 

 D2OUTLET Distance to outlet (the sea) km 

 DOWNMAXSLP Maximum slope in downstream flow path % 

  WATERFALLDOWN Is a waterfall present downstream of stream 

segment? 

Present (1) 

or absent 

(0) 

Upstream 

catchment 

CONLEN Barrier free flow path length percentage.  

This is the distance to an upstream dam wall 

or spillway plus the distance to a 

downstream dam wall or spillway divided 

by the total length of the stream from its 

source to outlet. 

% 

 RUNANNMEAN Annual mean accumulated soil water 

surplus  

ML 

 RUNMTHCOFV Coefficient of variation of monthly totals of 

accumulated soil water surplus 

N/A 

 CATELEMAX Maximum upstream elevation m.a.s.l 

 CAT_UNCONS Catchment percentage unconsolidated rocks % 

 RDI River Disturbance Index Index 

between 0 

and 1 

 CAT_IGNEOU Catchment percentage igneous rocks % 

  NPPBASEANN Annual mean Net Primary Productivity tC ha-1 

Coastal basin BASLatitude Latitude of the stream outlet for each 

discrete coastal basin 

Decimal ° 

 BASLongitude Longitude of the stream outlet for each 

discrete coastal basin 

Decimal ° 

 BASINRAINMIN Minimum rainfall of each discrete coastal 

basin 

mm 

 BASINRAINMAX Maximum rainfall of each discrete coastal 

basin 

mm 

  B_CATELEMAX Maximum catchment elevation for each 

discrete coastal basin 

m.a.s.l 
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et al. (2007). GDM predicts spatial patterns of species turnover as a function of environmental 

gradients. It is an extension of matrix regression, which accommodates two types of non-linear 

relationships encountered in large-scale ecological datasets, namely, (1) the curvi-linear 

relationship between increasing ecological distance (i.e. between two sites on an environmental 

gradient) and compositional similarity (e.g. Bray– Curtis distance) and (2) the non-linear rate 

of turnover along an environmental gradient. The GDM has two key outputs. The first is an I-

spline plot for each environmental predictor (I-splines are piecewise polynomial functions, 

joined by ‘knots’ – places where the pieces connect – to produce a smooth curve). The height 

of the plot indicates the total amount of turnover associated with that predictor while holding 

all other predictors constant, and the slope of the curve indicates the rate of turnover at a given 

point along the environmental gradient concerned. The second is a set of three positive I-spline 

coefficients for each environmental predictor, fit at the 0th, 50th and 100th percentile, and their 

sum corresponds to the total species turnover for that predictor. These coefficients can be used 

to transform and weigh each environmental predictor. The transformed environmental 

predictors (in our case, environmental attributes of stream segments) can then be clustered and 

mapped, allowing visualisation of β-diversity patterns. This is effectively a form of constrained 

environmental classification because the predictors have been transformed and weighted using 

biological data. We refer the reader to Ferrier et al. (2007) for a detailed treatment of GDM 

and rationale behind this method. 

To achieve a parsimonious model, we selected variables by stepwise backward elimination. 

Initially, all variables with I-spline coefficient totals equal to zero (i.e. contributing zero to the 

total deviance in assemblage dissimilarity explained) were omitted. Next, for each predictor 

variable, we calculated the difference in deviance explained between the full model and the 

model without the variable under consideration, iteratively removing the variable contributing 

least to the total deviance explained. This process was repeated until no further variables could 

be removed without a marked reduction in the total deviance explained relative to the previous 

steps (in our case 0.15% reduction). The GDM custom scripts have no provisions for testing 

the significance of models, so we used a permutation test, as recommended by Thomassen et 

al. (2010). This involved generating a null distribution of explained deviance by permuting 

predictor variables (n=999). The deviance explained in the final model was compared with the 

distribution of null deviance explained, to give statistical significance. 
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3.4.5 Stream classification into ecotypes 

Environmental variables of each stream segment in the study area stream network (10928 

stream segments with Strahler stream order >1) were transformed using the I-spline functions 

of the fitted model. Only the ‘natural’ GDM-transformed variables were used to classify 

segments into ecotypes for the entire stream network, following the approach of Leathwick et 

al. (2011). The relative importance of each variable in the final model was assessed according 

to the sum of the I-spline coefficients. Because of the large number of stream segments, 

initially, non-hierarchical medoid clustering was used to reduce the data to 100 groups, using 

the ‘clustering large applications’ (clara) function in the R ‘cluster’ package (Maechler 2013). 

These groups were then hierarchically clustered using Ward’s minimum-variance method with 

Manhattan distances. We used Ward’s method as a balance between defining ecotypes of an 

approximately similar area, and maintaining compact clusters (Snelder et al. 2009). The 

optimum number of ecotypes was objectively identified using the global maximum of the gap 

statistic (Tibshirani et al. 2001) using the ‘clusgap’ function in the R ‘cluster’ package, with 

2–10 clusters trialled and 500 bootstrap replications. Seven ecotypes were identified from this 

procedure and mapped across the stream network. Species characterising each ecotype were 

determined by indicator-species analysis (Dufrêne and Legendre 1997) using the ‘labdsv’ 

package in R (Roberts 2012), with statistical significance of indicator species being assessed 

by permutation tests (n=999). Environmental characteristics of each group were evaluated 

visually using notched boxplots. 

3.4.6 Defining the reference condition criteria 

The I-spline plots of the selected anthropogenic predictors were used to determine criteria for 

reference-site selection, as turnover along each anthropogenic gradient (while holding natural 

gradients constant) represents a departure from an unaffected state. Stream segments that did 

not meet the defined criteria were filtered out, allowing reference sites to then be selected using 

a stratified random sampling approach drawn from candidate reference stream segments. 

Where insufficient reference sites existed for an ecotype, sets of ‘least disturbed condition’ 

sites were identified in a transparent manner by incrementally relaxing these criteria (e.g. 

Baattrup-Pedersen et al. 2009). Using the report card grading convention of Collier et al. 

(2007), we mapped stream segments using four such increments, as follows: ‘A+’ (strict criteria 

– ‘minimally disturbed’), ‘A’, ‘B+’, ‘B’ (incrementally relaxed criteria – ‘least disturbed’). 

This approach allowed us to trade-off reference-site quality with stream-segment availability, 
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so that ‘least disturbed condition’ was quantified for the ecotypes with higher levels of human 

disturbance. 

3.4.7 Selecting and sampling reference sites and evaluating the stream typology  

In all, 128 reference sites encompassing the entire study area were selected using a probabilistic 

approach, stratified by ecotype, using the process described in 

Figure 3-2. These were sampled once in late autumn–winter 2013, using a standardised 

backpack electrofishing protocol (EHMP 2008). Candidate reference stream segments were 

excluded in the desktop site-validation phase if there was no reasonable access, and in the field 

if sampling was not possible for other reasons (e.g. lack of water, depth too great and 

occurrence of flooding). This dataset was used to externally evaluate the GDM classification 

(Figure 3-2) and will be later used to develop reference condition-predictive models for stream 

bioassessment. One hundred and eleven of the sites were entirely external to the GDM 

construction; the remaining 17 sites had the same location of sites as used to construct the 

GDM, but they were sampled at an independent time. A one-way permutational multivariate 

analysis of variance (PERMANOVA; Anderson 2001) with pairwise comparisons was used to 

assess whether fish-assemblage structure from the evaluation dataset differed among ecotypes. 

The analysis was performed using the ‘adonis’ function in the R ‘vegan’ package (Oksanen et 

al. 2012), and used ecotype as a fixed factor, and Bray–Curtis dissimilarity applied to the fish 

presence–absence data as the response, run with 999 permutations. Pairwise analyses for all 

group combinations were performed using the same procedure but limiting the data to the two 

groups under consideration for each pairwise comparison. We considered a P-value of <0.05 

as a significant separation in fish-assemblage structure among ecotypes. The classification-

strength statistic (Van Sickle 1997) was also calculated to assess the strength of the GDM 

ecotype classification relative to a purely biotic seven group classification of the evaluation 

data (i.e. an optimal target that uses only the biotic data, as opposed environmental variables 

to define the classification, which is the case for GDM). The biotic classification was 

performed using Bray–Curtis dissimilarity and flexible UPGMA (β=0.6). Analyses were 

undertaken using the ‘mrpp’ function in the R ‘vegan’ package. 

3.5 Results  

3.5.1 GDM model selection 

The selected GDM model explained 33.1% of the deviance in assemblage dissimilarity 

(P<0.01), using seven natural and two anthropogenic environmental variables. The elimination 
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of 12 variables contributing least to the explained deviance equated to a loss of only 0.4% of 

total deviance explained in the selected model. Predictor variables describing environmental 

conditions at all spatial scales (segment and associated subcatchment, upstream catchment, 

downstream flow path and entire coastal basin) were retained in the final model, with the 

variables explaining the greatest amount of deviance being mean segment elevation 

(STRELEMEAN), followed by mean air temperature in the hottest month (STRHOTMTHM), 

percentage of catchment unconsolidated rock (CAT_UNCONSOL) and modelled mean annual 

runoff (RUNANMEAN) (Figure 3-3). The two anthropogenic predictor variables, the RDI and 

percentage length of barrier-free flow path (CONLEN), also contributed to the final model.  

The response of the fitted functions varied among predictors (Figure 3-3). Most of the natural 

variables showed a curvilinear response. Mean annual runoff was an exception, which had an 

abrupt change in the rate of turnover occurring at low runoff values along the gradient, likely 

representing the transition from intermittent to more permanent streams. The functions for 

latitude of the coastal basin outlet (BASLatitude) and maximum elevation of the catchment 

upstream of the segment (CATELEMAX) had threshold responses. The BASLatitude function 

reached its threshold at the Clarence River Basin (Figure 3-1), implying that species turnover 

occurs among the small drainages adjacent to the Clarence along a north–south gradient, but 

ceases from the Clarence River Basin heading further north. For the CATELEMAX function, 

very few species occur above 600 m, explaining this threshold response. For the RDI, species 

turnover commenced, and was at its greatest, at low levels of disturbance. The rate of species 

turnover for CONLEN was constant until 95% connectivity, above which, no further 

assemblage changes occurred along this gradient. 
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Figure 3-3 The fitted I-spline functions for each predictor retained in the selected model, 

depicting the non-linear rate of turnover across each environmental gradient. See Table 3-1 for 

predictor variable descriptions. The sums of the I-spline coefficients are in parentheses and 

indicate the relative importance of each predictor contributing to the selected model. 

3.5.2 Stream classification into ecotypes 

Seven ecotypes were objectively identified from the medoid cluster dendrogram (Figure 3-4) 

and showed reasonably strong spatial separation (Figure 3-5a), and strong environmental 

(Appendix B) and biological (Table 3-2) differences among groups. Ecotype 1 comprised small 

to medium coastal streams with low-elevation headwaters. It extended along the coastal margin 

of the entire study area but encroached further inland in the floodplains of larger river systems 

and had a high proportion of unconsolidated rock geology in the upstream catchment. Ecotype 

2 consisted of larger, high discharge, coastal rivers, and included the lower reaches of the major 
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rivers such as the Mary, Brisbane, Logan, Richmond and Clarence Rivers. This was the most 

species-diverse ecotype. Ecotype 3 consisted of warm, medium-sized, lowland streams across 

the full extent of the study area. Ecotype 4 contained warm, small, mid-elevation streams with 

highly variable flow and was almost entirely restricted to stream segments from the Logan 

River Basin to the northern extent of the study area. Ecotype 5 comprised cool, upland streams 

in a few discontiguous areas throughout the study area, the largest being upland sections of the 

Clarence River Basin. Ecotype 6 was represented by mid-elevation streams mainly occurring 

in the southern parts of the study area, although also coinciding with high-rainfall and volcanic 

areas further north. Finally, Ecotype 7 was restricted to cool, high-elevation streams of the New 

England tableland, in the upper Clarence River Basin, and supported very low species diversity. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3-4 Classification dendrogram of 100 medoid groups derived from 10928 stream 

segments, and a description of the seven identified ecotypes (boxes denote ecotype grouping). 

The 100 groups were based on medoid clustering of the retained generalised dissimilarity 

modelling (GDM) transformed natural variables for all of the stream segments in the study 

area. 

7         6                        5                        4                    3                     2                    1 

Ecotype description 
 

1 - Small to medium, sandy, coastal 
streams 

2- Large, coastal rivers 

3 - Medium sized, lowland streams 

4 - Small, mid-elevation, northern 
streams with variable flow 

5 - Cool, upland streams 

6 - High runoff, mid-elevation 
streams 

7 - Southern, tableland streams 
Environmental  

Distance 

Ecotype 
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Figure 3-5 (a) Classification of stream segments into the seven ecotypes; (b) stream segments 

meeting ‘A+’ reference condition; (c) ‘A’ reference condition; (d) ‘B+’ reference condition; 

(e) ‘B’ reference condition (see ‘Defining the reference-condition criteria and mapping 

candidate reference stream segments’ section for further details). 
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Table 3-2 Indicator species (IndVal statistic > 0.1) for each Ecotype. IndVal ranges from 0 to 

1; higher values indicate a stronger association between the species and Ecotype.  Significant, 

and highly significant indicator species are represented by * (p<0.05), and ** (p<0.01) 

respectively. The mean of the untransformed ‘natural’ predictor values for each Ecotype is 

shown at the bottom of the table. 

 

 

 Ecotype 

Species 1 2 3 4 5 6 7 

Ambassis agassizii - 0.10 0.11 - - - - 

Anguilla australis 0.19* - - - - - - 

Anguilla reinhardtii - 0.13 0.12 - 0.14 0.16 0.17 

Craterocephalus marjoriae - - - 0.21* - - - 

Craterocephalus 

stercusmuscarum - - - 0.13 - - - 

Galaxias olidus - - - - 0.21 - 0.51** 

Gobiomorphus australis 0.31** 0.22 - - - - - 

Gobiomorphus coxii - - - - - 0.20* - 

Hypseleotris compressa 0.38** 0.23 - - - - - 

Hypseleotris galii 0.22** - 0.20 0.17 - - - 

Hypseleotris klunzingeri - - 0.22* 0.11 - - - 

Maccullochella ikei - - - - - 0.11 - 

Percalates novemaculeata - 0.18 - - - 0.11 - 

Melanotaenia duboulayi - 0.12 0.17 0.20* - 0.13 - 

Mogurnda adspersa - - - 0.40** - - - 

Mugil cephalus 0.13 0.16* - - - - - 

Notesthes robusta - 0.14 - - - - - 

Ophisternon sp. 0.17** - - - - - - 

Philypnodon grandiceps - 0.14 0.14 - - - - 

Potamalosa richmondia - 0.17* - - - - - 

Pseudomugil signifer - 0.12 0.10 - - - - 

Retropinna semoni - 0.12 0.17 - - 0.22* - 

Rhadinocentrus ornatus 0.24** - - - - - - 

Tandanus tandanus - 0.16 0.16 0.13 - 0.18 - 

Trachystoma petardi - 0.21** - - - - - 

RUNANNMEAN (ML/yr.) 16,740 463,850 32,862 2,989 10,732 51,387 3,675 

RUNMTHCOFV (CV) 3.3 3.1 4.5 5.6 3.7 3.4 3.6 

STRELEMEAN (m.a.s.l.) 17 30 84 261 566 228 1,040 

CATELEMAX (m.a.s.l.) 200 991 609 658 1,078 946 1,336 

CAT_UNCONS (%) 25.7 8.7 6.4 5.9 0.4 0.9 0.5 

STRHOTMTHM (°C) 29.0 29.4 30.1 29.8 27.3 29.2 24.5 

BASLatitude (decimal °) -28.0 -28.7 -27.4 -27.3 -29.1 -29.2 -29.4 
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3.5.3 Defining the reference-condition criteria and mapping candidate reference stream 

segments 

Reference-site criteria were defined using the two anthropogenic pressure variables that 

contributed to the final model, namely, RDI and CONLEN. Because species turnover 

commenced at low levels of RDI, and high levels of stream connectivity, we mapped candidate 

reference segments at RDI of <0.05 and CONLEN of >95% as ‘A+’ (‘minimally disturbed’) 

reference condition, and relaxed the RDI criteria by increments of 0.05 to define ‘least 

disturbed’ site sets. Relaxing the CONLEN criteria did not markedly increase the number of 

reference segments, so this was held constant at 95% for each reference-site set.  

All sets of ‘minimally disturbed’ and ‘least disturbed’ segments contained a substantially lower 

number of candidate segments in SEQ than in NEN (Figure 3-5b–e). For example, of the 18.6% 

of stream segments that met ‘A’ condition, 14.7% occurred in NEN compared with 3.9% in 

SEQ. Therefore, the scope for inclusion of high-quality sites was markedly improved by 

expanding the study area beyond the EHMP assessment area. Although ‘minimally disturbed’ 

stream segments were available for every ecotype, inclusion of ‘least disturbed’ sites was 

necessary to ensure a sufficient number of sites to capture natural variability within ecotypes, 

particularly given access and sampling constraints (Figure 3-6). Ecotypes 5, 6 and 7 (mid- to 

high elevation streams) had substantially more available segments than did the lower-elevation 

ecotypes (Figure 3-6) and sufficient ‘A’ sites available for sampling. Ecotype 4, which 

encompasses large tracts of the Brisbane River Basin, had very few segments available using 

any of the reference sets, owing to large anthropogenic barriers; accordingly, segments rarely 

met the CONLEN criterion. Fortunately, adequate numbers of ‘B+’ candidate sites could be 

drawn from the adjacent Mary and Logan River Basins. The lowland ecotypes (1, 2 and 3) also 

required use of ‘least disturbed’ sites to generate sufficient candidate sites for sampling. 
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Figure 3-6 Proportion of stream segments meeting ‘minimally disturbed’ (‘A+’) and ‘least 

disturbed’ (‘A’, ‘B+’ and ‘B’) reference condition criteria for each ecotype. 

3.5.4 Selecting and sampling reference sites and evaluating the stream typology 

The 128 selected evaluation sites were distributed throughout the entire study area (Figure 3-1) 

and included at least five sites in each of the major basins (Mary, Brisbane, Logan, Richmond 

and Clarence). All pairwise comparisons of fish-assemblage composition differed significantly 

(P<0.05) among ecotypes, except for Ecotypes 5 and 7 (Appendix C). Most differences were 

highly significant (P<0.005); however, pseudo-F-values for differences between Ecotypes 3 

and 4, and 3 and 6, were fairly low. Classification strength was 15.6% for the ecotype 

classification, compared with 21.5% for the purely biotic classification. 

3.6 Discussion  

3.6.1 Environmental gradients and relationship with species turnover 

The strong relationships between natural environmental gradients and fish species turnover in 

the final model highlight the need for initial delineation of ecotypes for future development of 

fish indicators of stream condition. Delineation is necessary to minimise the effects of natural 

gradients a priori and improve detection of anthropogenic stressors in subsequent modelling 

and assessment. Classification of ecotypes is also an important step for allocating sampling 

effort to ensure that β-diversity is adequately sampled throughout the study area, and to enable 

generation of either ‘type-specific’ or ‘site-specific’ reference conditions. 

0 20 40 60 80 100

1

2

3

4

5

6

7

Stream segments meeting reference condition (%)

Ec
o

ty
p

e
"B" reference

"B+" reference

"A" reference

"A+" reference



42 

 

Variables describing the position along the upstream– downstream gradient, stream 

temperature and long-term flow patterns were important in our model, and consistent with other 

local studies (Kennard et al. 2007; Growns 2009) and elsewhere (Buisson et al. 2008). The 

percentage of catchment unconsolidated rock (e.g. sand) and maximum upstream catchment 

elevation appeared to efficiently delineate coastal streams often occurring in low-productivity 

‘wallum’ vegetation zones, characterised by sandy soils, which are recognised as being 

ecologically and chemically distinctive from other stream types (Bunn et al. 2010). More 

generally, a combination of the aforementioned factors is likely to contribute to biotic zonation 

and species sorting along abiotic and geomorphic discontinuities, either directly or by 

correlation with causal mechanisms (Tejerina-Garro et al. 2005). For example, elevation and 

mean annual runoff may be acting as proxies for stream size and depth, habitat heterogeneity, 

water permanency and the presence of key hydraulic habitat types (pools, riffles, runs, 

cascades).  

The deviance explained in our selected model (33.1%) was comparable with that in other fish 

studies using GDM (e.g. 16.3% in Leathwick et al. (2011); 41% in Growns (2009); 35% in 

Snelder et al. (2012)). As identified by Snelder et al. (2012) and Hill and Hawkins (2014), a 

tighter coupling of assemblage composition response to direct predictors (e.g. substrate 

composition, measured water temperature) rather than correlated proxies (e.g. %geology 

categories, elevation) may have improved explanatory power; however, this form of data is 

often unavailable, expensive to collect, or limited in geographic extent. It is also commonly 

noted that relative importance of regional v. local processes is scale-dependant (Jackson et al. 

2001; Tejerina-Garro et al. 2005), with the former having more relevance in large-scale studies 

such as ours. Another prospect for improving the model fit is to constrain the GDM analysis to 

a discrete temporal window, such as within a season, or within phases of longer-term climatic 

cycles, such as the El Niño southern-oscillation cycle (Chiew et al. 1998). For the purpose of 

this current study, gains from greater spatial coverage of sites, and spanning the majority of 

each gradient likely outweighed those from fewer sites with temporal constraints imposed. 

Inclusion of hydrologically weighted variables, rather than ‘lumped’ metrics such as 

percentages of the entire upstream catchment (Peterson et al. 2011) may have also improved 

the model; however, this was beyond the scope of our study.  

The classification strength of the seven ecotypes derived with the GDM (15.5%) compared 

favourably with the purely biotic classification (optimal target: 21.5%). For example, 

McCormick et al. (2000) achieved a classification strength of only 2.8% using an existing 
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ecoregion classification of fish assemblages, relative to 27.1% based purely on biotic clusters 

in the Mid-Atlantic Highlands, USA. Significant separation was detected among all pairs of 

ecotypes, except for Ecotypes 5 and 7. These are the highest-elevation ecotypes, and although 

limited inferences can be drawn (Ecotype 7 contained only 3 sites), lack of separation may be 

because it is difficult to predict species composition of sites located upstream of natural barriers 

such as waterfalls (e.g. Growns et al. 2013), which are not represented at a fine-grained scale 

in the spatial- predictor dataset. Alternatively, the composition of headwater streams may be 

less predictable because of more frequent disturbance– recolonisation events in these types of 

streams (Horwitz 1978). Pairwise differences between Ecotypes 3 and 4, and 3 and 6 were 

significant, although the pseudo-F-values were fairly low, indicating some overlap between 

each assemblage pair. Many Ecotype 3 evaluation sites in SEQ were located on segments 

adjoining either Ecotype 4 or 6. The border between two ecotypes could be considered a 

transitional zone, and this highlights a drawback of using segment-scale predictors that have 

clear-cut end points, as opposed to a continuum, which is more ecologically realistic. Discrete 

fish-assemblage types may simply not exist (e.g. Olden et al. 2006), and alternative approaches 

to traditional RIVPACS/AUSRIVAS type models (e.g. individual species models that do not 

rely on assemblage wide responses) will also be considered when this dataset is used to 

generate predictive models for bioassessment in the future. Overall, however, the GDM stream 

classification ensured that the reference sites sampled were representative of the β-diversity of 

the region; which is an important feature of a reference-site dataset for bioassessment. 

3.6.2 The influence of biogeographic legacy on model transferability 

Biogeographical differences may be a source of unexplained variation for studies spanning 

larger areas such as ours (Unmack 2001; Hoeinghaus et al. 2007) and, thus, problematic for 

bioassessment (Bunn and Davies 2000). For example, SEQ and NEN have a complex 

geographical history owing to sea-level changes, volcanism and potential drainage 

rearrangement (Unmack 2001). Discrete coastal basins can represent ‘biogeographical islands’ 

(MacArthur& Wilson 1967) for obligate freshwater fish species. Thus, the distance between 

river mouths that may have been connected in the past, and may periodically reconnect during 

flood plumes, as well as available habitat area (e.g. catchment area, climate ranges and diversity 

of stream types) may regulate biodiversity relationships and genetic isolation among discrete 

catchments. The complexity of biogeographical histories of SEQ and NEN streams are 

evidenced in genetic studies of several fish and crustacean taxa (e.g. Jerry and Woodland 1997; 
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McGlashan & Hughes 2000; Page et al. 2004; Wong et al. 2004), as well as southern-and 

northern range limits for some of the species present. 

An objective of our study was to determine whether biogeographic legacies among discrete 

coastal basins that limit the distribution of several taxa in the study area, would also limit the 

transferability of reference-site groups at the assemblage level (e.g. if used in a RIVPACS 

modelling context). The study area spans two sub provinces (NEN and SEQ) in a single 

biogeographic province (‘Eastern Province’) (Unmack 2001), and several species have notably 

restricted distributions among basins. However, Unmack (2001) suggested that the Eastern 

Province has a distinct lack of faunal breaks, and, rather, individual species have climatic filters 

operating at their southern- and northern-range limits. Our findings also reflect this; the basin-

scale ‘biogeographic’ variables were not responsible for separating ecotypes; rather, separation 

occurred because of spatial variation in the remaining natural abiotic predictor variables, 

particularly, flow variability, air temperature and elevation. Most ecotypes defined at the 

assemblage level are distributed throughout both NEN and SEQ, and are therefore amenable 

to spatial interpolation and subsequent modelling of reference-condition fish assemblage. This 

general lack of biogeographic differences among basins is consistent with previous studies in 

SEQ using presence–absence data (Kennard et al. 2006a). However, in the present study, two 

ecotypes are restricted, namely, Ecotype 4 occurs almost exclusively in SEQ and Ecotype 7 is 

entirely restricted to NEN. Ecotype 4 encompasses large tracts of the highly anthropogenically 

affected Brisbane River Basin, and has two indicator species that are distinctly ‘northern’, 

namely, M. adspersa, and C. stercusmuscarum. Fortunately, adequate numbers of candidate 

‘least disturbed’ sites were able to be drawn from the Mary River Basin adjoining the EHMP 

assessment area. Ecotype 7 is most likely dictated by high elevation and low temperatures, and 

is indicated by the ‘southern’ species G. olidus; permanent streams at this elevation simply do 

not occur in coastal SEQ. Generally, the species with restricted distributions throughout 

wadeable streams of the study area are also numerically rare (e.g. Pseudomugil mellis, Kuhlia 

rupestris, Porochilus rendahli, Neoceratodus forsteri, Maccullochella peelii mariensis, all of 

which had a prevalence of <1% in the GDM training dataset). These species are unlikely to 

substantially affect models generated for bioassessment purposes, particularly if rare taxa are 

omitted from subsequent reference-assemblages modelling (Van Sickle et al. 2007; Mykrä et 

al. 2008), or if a ‘basin’ filter is applied to exclude species predictions in basins where species 

do not naturally occur. 



45 

 

3.6.3 GDM as a new method for reference site selection 

Our study is the first to use GDM to select candidate reference sites for biological monitoring. 

It draws on the work of Leathwick et al. (2011), demonstrating the benefits of using GDM for 

biologically informed stream classification, and recent approaches that use GIS to improve the 

efficacy of site selection (Collier et al. 2007; Olson et al. 2009; Yates & Bailey 2010). 

Generally, GIS-based reference-site selection procedures rely on an assumed relationship 

between catchment-level pressures and the bioindicator taxa (Olson et al. 2009). However, our 

method selects indicator- and region-specific pressure variables by a modelling process, and 

can identify the position along the pressure gradient where species turnover occurs, guiding the 

selection of reference-condition criteria. Applying this method to other bioindicators (e.g. 

macroinvertebrates, diatoms) would result in different ecotype (e.g. Growns 2009) and pressure 

criteria definitions. However, this is desirable, because several different bioindicators are 

generally chosen to distinguish the effects of different anthropogenic stressors for any one 

bioassessment program (e.g. Bunn et al. 2010).  

Extensive spatial survey is a common approach to selecting reference sites (e.g. Wallin et al. 

2003); however, this can be time consuming and expensive. In our approach, stream segments 

meeting reference condition were able to be projected across the entire stream network because 

only GIS-based variables were used, thus improving the efficacy of locating candidate 

reference sites compared with extensive screening field campaigns (e.g. Chaves et al. 2006). 

By employing a probabilistic sampling design, our method reduces potential subjectivity 

associated with perceptions of what constitutes a reference condition by best professional 

judgements (e.g. Maxted et al. 2000), and from ‘hand-picking’ (i.e. non-randomly selecting) 

reference sites. Stratified probabilistic designs are not new to stream bioassessment. For 

example, the generalised random tessellation stratified (GRTS) survey design (Stevens and 

Olsen 2004) is a popular method for selecting stream test sites. However, these types of designs 

have rarely been employed for reference-site selection (Collier et al. 2007). A GRTS approach 

would also be a suitable alternative method for reference-site selection after defining ecotypes 

by using GDM.  

Absence of an initial biotic dataset will preclude the use of inductive approaches such as ours. 

However, because GDM predicts emergent biodiversity properties (i.e. β-diversity) rather than 

individual species distributions, it has been promoted as a useful approach for mapping 

community types where existing biotic data are sparse (Ferrier et al. 2007). We have presented 

a data-driven framework for selecting reference sites by using GDM (Figure 3-2). This 
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framework offers a transparent and efficient approach for a-priori selection of candidate 

reference sites, without relying on best professional judgements or potentially subjective field-

based methods (e.g. visual estimations of instream habitat quality, riparian cover).  

The approach we have described is not limited to reference site selection for bioassessment. 

GDM can be used in this way as a screening tool to identify (1) sites of high conservation value, 

(2) high-quality refugia from other natural disturbances (e.g. drought), (3) sites that may be 

more resilient or resistant to the effects of other anthropogenic changes (e.g. climate change, 

alien species invasions) and (4) a set of study sites where it is desirable to adjust for the 

confounding effects of human pressures. Several authors have cited the ‘Wallacian’ shortfall, 

i.e. incomplete knowledge of species distributions, as potentially compromising ecological 

modelling efforts (Cardoso et al. 2011; Mokany and Ferrier 2011). GDM can also serve as a 

survey-gap analysis tool to address this shortfall, by directing sampling efforts to target 

assemblage types with few existing data points (Ashcroft et al. 2010). For example, our model 

highlighted some accessible locations in an ecologically distinct area in SEQ that had not 

previously been surveyed (Ecotype 5). On the very first investigation of those areas, G.olidus, 

a species predicted to occur in Ecotype 5, but not previously known to occur within the region 

(coastal SEQ), was found. This demonstrated the effectiveness of GDM for identifying survey 

gaps, even in highly studied regions such as SEQ (e.g. Kennard et al. 2006a; Figure 3-1). 

Similarly, G. coxii was discovered in the South Pine River Basin (again in Ecotype 5), and C. 

stercusmuscarum in the Tweed River Basin, where they were not previously known to occur. 

3.6.4 Limitations of the approach and future work  

Although we have proposed a remote, transparent and more objective process for screening 

candidate reference sites, further desktop and field validation may be required before sampling 

(Olson et al. 2009).‘Ground-truthing’ may include validation of site access, identifying other 

biological stressors to the target bioindicator species such as relative abundance of alien fish 

(Kennard et al. 2005) and screening for relevant point sources of pollution and other localised 

anthropogenic pressures that are not present in the spatial-predictor dataset used. For example, 

in our evaluation survey, many randomly selected sites were excluded because of difficulties 

in accessing and sampling the site. However, we did not exclude sites on the basis of prevalence 

of alien fish; our evaluation dataset contained a very low mean proportional abundance of alien 

species (1.8%, n=128 sites) relative to test sites sampled in the EHMP (22.8%, n=2004 

sampling events) and reference condition criteria used elsewhere (e.g. <20% in Kennard et al. 

2006a; <15% in Oliveira et al. 2012). This validates the success of our method in locating high-
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quality sites; given that the proportional abundance of alien fish is a reliable indicator of human 

disturbance in the study area (Kennard et al. 2005).  

It must also be noted that a few subjective decisions in our case study were unavoidable. First, 

the use of 0.05 increments was necessarily subjective, because the relationship of RDI with 

species turnover did not provide a clear threshold for departure from a reference condition. 

This level was selected because it represented a low level of disturbance (e.g. Stein et al. 2002) 

but allowed practical number of candidate reference segments to be initially generated for most 

ecotypes. Second, the RDI included some subjective decisions in its formulation. However, it 

is currently the best-available GIS dataset reflecting human pressures to rivers in Australia. 

Insufficient reference sites in their strict definition (i.e. absence of impacts sensu Stoddard et 

al. 2006) were available for sampling because of the pervasive human impacts in the study 

area. In these types of situations, the strength of the GDM approach lies in its ability to guide 

selection of the highest-quality remaining sites (i.e. ‘minimally disturbed’ and ‘least disturbed’ 

condition) and provide a quantifiable benchmark for each ecotype.  

There are also a few limitations of the GDM in its current form. First, there are no provisions 

for confidence estimates surrounding the fitted model, and second, GDM does not deal 

explicitly with interactions among predictor variables (Thomassen et al. 2010). A promising 

emerging complementary method, ‘gradientforest’, is an extension of random forest (Breiman 

2001) and individually models, then assembles, species responses to predictors, to derive a 

community turnover function for environmental gradients (Ellis et al. 2012). This has the 

advantage of accommodating interactions among predictors, flexible data types, and providing 

goodness-of-fit estimates for each species modelled; however, confidence is not quantified for 

the fitted compositional turnover functions. A single study has explored both gradient forest 

and GDM methods, observing largely congruent responses between models (Pitcher et al. 

2012); clearly, additional studies using a range of different organisms would be beneficial. 

3.7 Conclusions  

We have outlined a data-driven process for defining candidate reference conditions in a highly 

modified and biogeographically complex region. This process informed reference-site 

selection with an emphasis on greater spatial coverage and representativeness for future 

iterations of fish-bioassessment models for the EHMP. Our approach provides an efficient and 

transparent method of a priori reference-site selection for bioassessment programs that 

minimises potentially subjective decisions (e.g. best professional judgements, visual estimates 



48 

 

of site quality), and is transferable to other regions facing similar issues to SEQ, as well as 

other bioindicator types. 
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4.1 Abstract 

Species distribution models are widely used for stream bioassessment, estimating changes in 

habitat suitability and identifying conservation priorities. We tested the accuracy of three 

modelling strategies (single species ensemble, multi-species response and community 

classification models) to predict fish assemblages at reference stream segments in coastal 

subtropical Australia. We aimed to evaluate each modelling strategy for consistency of 

predictor variable selection; determine which strategy is most suitable for stream bioassessment 

using fish indicators; and appraise which strategies best match other stream management 

applications. Five models, one single species ensemble, two multi-species response and two 

community classification models, were calibrated using fish species presence-absence data 

from 103 reference sites. Models were evaluated for generality and transferability through 

space and time using four external reference site datasets. Elevation and catchment slope were 

consistently identified as key correlates of fish assemblage composition among models. The 

community classification models had high omission error rates and contributed fewer taxa to 

the ‘expected’ component of the taxonomic completeness (O/E50) index than the other 

strategies. This potentially decreases the model sensitivity for site impact assessment. The 

ensemble model accurately and precisely modelled O/E50 for the training data, but produced 

biased predictions for the external datasets. The multi-species response models afforded 

relatively high accuracy and precision coupled with low bias across external datasets and had 

lower taxa omission rates than the community classification models. They inherently included 

rare, but predictable species while excluding species that were poorly modelled among all 

strategies. We suggest that the multi-species response modelling strategy is most suited to 

bioassessment using freshwater fish assemblages in our study area. At the species level, the 

ensemble model exhibited high sensitivity without reductions in specificity, relative to the other 

models. We suggest that this strategy is well suited to other non-bioassessment stream 

management applications, e.g., identifying priority areas for species conservation. 

4.2 Introduction 

Species distribution models (SDMs) are widely used for stream bioassessment, estimating 

changes in habitat suitability and identifying conservation priorities, and the accuracy of these 

models is critical for guiding effective stream management decisions. SDMs relate known 

species occurrences to landscape, climate and habitat variables to predict species occurrence 

probabilities across the landscape or river network (Elith et al. 2006; Araújo & Peterson, 2012). 

SDMs are used for several important stream management applications, most commonly the 
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prediction of reference assemblages for bioassessment (Moss et al. 1987; Smith et al. 1999; 

Kennard et al. 2006a), but also for quantifying species-environment relationships to inform 

management (Kennard et al. 2007; Bond et al. 2011); assessing assemblage changes under 

different land use patterns (Oberdorff et al. 2001); predicting responses to future climate or 

restoration scenarios (Bond et al. 2011; Domisch et al. 2013); mapping aquatic biodiversity 

and identifying species conservation priorities (Hermoso et al. 2011; Wilson et al. 2011; Bond 

et al. 2014); predicting the invasion potential of alien or translocated species (Zambrano et al. 

2006; Herborg et al. 2007; Capinha et al. 2011); and identifying remnant populations and 

uncovering species range extensions or gaps (Olden & Jackson, 2002). 

Stream bioassessment using SDMs usually relies on a reference condition approach, whereby 

the taxa observed at a test site are compared to modelled taxa predicted to occur at an 

environmentally similar site, derived from a regional pool of minimally impacted sites (Moss 

et al. 1987; Smith et al. 1999; Kennard et al. 2006a). Both the quality and representativeness 

of selected reference sites and the modelling strategy applied can affect the success of 

bioassessment using the reference condition approach (Olden & Jackson 2002; Kennard et al. 

2006a). The present study focusses on the effectiveness of different modelling strategies for 

stream bioassessment and complementary management applications. 

Three modelling strategies are widely used for predicting species distributions, each reflecting 

different theories about how assemblages are structured, and each having strengths and 

weaknesses in their implementation. The River Invertebrate Prediction and Classification 

System (RIVPACS) community modelling approach is the most widely used strategy for 

stream bioassessment (Moss et al. 1987; Hallstan et al. 2012). RIVPACS is an ‘assemble then 

predict’ strategy (Ferrier et al. 2007) and relies on a classification step which is most often 

undertaken using discriminant function analysis (DFA). The need to classify biotic data into 

discrete assemblages has been perceived by some as an artificial construct, because these rarely 

occur in nature (McIntosh & Gleason, 1995; Olden et al. 2006). In the RIVPACS approach, 

taxa predictions at new sites are not derived from a single predefined assemblage; instead, the 

prediction system uses weighted average smoothing across groups to predict the biotic 

assemblage at sites intermediate in character to those on which the model is derived (Moss et 

al. 1999). This enables RIVPACS models to predict taxa across a continuum of ‘stream types’. 

Perceived drawbacks include its relatively strict statistical assumptions and multiple steps and 

decisions involved with the classification procedure (Olden, 2003); reduced ability to model 

complex, non-linear ecological data; and that individualistic species responses to key 
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environmental gradients are not able to be directly modelled (Olden et al. 2006). A recent 

advance to overcome some statistical limitations of DFA in RIVPACS models is the use of 

more flexible machine learning (ML) algorithms for the classification step (e.g. random forest 

- see Van Sickle, 2011). Recently however, other less restrictive strategies have been explored 

for predicting aquatic taxa, falling broadly into either the category of ‘predict then assemble’, 

also termed single species models (e.g. Moss et al. 1999; Hallstan et al. 2012), or ‘predict and 

assemble together’, also termed multi-species response models (Olden & Jackson 2002; 

Leathwick et al. 2006; Olden et al. 2006; Joy & Death, 2014). 

The ‘predict then assemble’ strategy involves individually modelling each species and 

assembling them to synthesize a community at a site. The basis for single species SDMs is 

grounded in ecological niche theory (Grinnell, 1917) and usually relies solely on autecological 

correlative relationships. This strategy allows selection of the best suite of predictor variables 

relevant to each species (Elith & Leathwick, 2009), rather than those that provide the best 

average response over an entire assemblage. Alongside traditional logistic regression, a large 

number of ML algorithms have been used to model individual species distributions and these 

are advantageous through their flexibility (e.g. ability to fit non-linear functions; automatically 

fit interactions) and ability to model complex data responses. Furthermore, combining 

predictions of several of the most accurate models across different algorithms (ensemble model 

- Marmion et al. 2009; Thuiller et al. 2009) may result in more accurate predictions when 

applied to external validation datasets (Grenouillet et al. 2011; Bouska et al. 2015). The use of 

ensemble models in aquatic studies is recent, and while this approach has been used to model 

freshwater taxa under climate change scenarios (Buisson et al. 2008), conservation and stream 

bioassessment applications are rare (but see Poos, 2010; Feio et al. 2014). A potential drawback 

of the ‘predict then assemble’ strategy is that co-occurrence data is not explicitly used in the 

modelling process and therefore the potential influence of biotic interactions (e.g. via 

competitors, predators, prey, parasites) is not inherently included (Baselga & Araújo, 2009). A 

practical limitation is that it can be laborious to separately model each species, particularly for 

taxa rich groups (e.g. macroinvertebrates, phytoplankton). Although with advances in 

statistical software, this is becoming less of a constraint. 

The third strategy, ‘predict and assemble together’ reflects the theory that communities 

assemble with elements of both discrete community and individualistic species responses to 

environmental gradients (Olden et al. 2006). Multivariate adaptive regression splines (MARS) 

and multiresponse artificial neural networks (MANN) are two methods that reflect this view 
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and both predict an entire assemblage in a single analysis. Some researchers have reported that 

multi-species response strategies more accurately model rare species because they can ‘borrow’ 

information from the species-environment relationships of more widespread species 

(Leathwick et al. 2006), while others have found no increase in accuracy or transferability 

(Chapman & Purse 2011; Wenger & Olden 2012). By constraining selection of variables to 

those that have a community signal, multi-species response models potentially produce more 

realistic predictor response curves than their single species ML model counterparts, which 

often have pronounced discontinuities (Chapman & Purse, 2011). 

SDMs are commonly used to identify important environmental determinants of species 

distributions by assessing the relative importance of predictor variables and examining the 

species response curves in partial plots of selected predictor variables (Elith et al. 2008). 

However, apparent species-environment relationships may differ depending on the modelling 

method used (Elith & Graham, 2009). By assessing differences in variable importance among 

competing modelling strategies, variables likely to be truly important can be distinguished from 

those selected due to model idiosyncrasy. Furthermore, because model applications that assess 

species range changes require spatially continuous data, it is useful to assess the importance of 

field derived habitat variables, and whether these markedly improve model accuracy compared 

with GIS-based variables alone (Gido et al. 2006). 

The generality (or transferability) of species-environment relationships within an assessment 

area is also important for bioassessment. In practice, these relationships might not transfer to 

different spatial or temporal settings either due to model over-fitting (e.g. excessive parameters 

with weak correlation to the response variable or fitting the training data to a narrow set of 

environmental conditions) or model under-fitting, that is, not including key environmental 

variables in the model (Kennard et al. 2007; Wenger & Olden 2012). In bioassessment, 

predictions at new sites need to be accurate so that index results reflect anthropogenic 

disturbance rather than model error. Furthermore, it is important to quantify the stability of 

predictions through time to assess whether comparable site assessments can be made among 

seasons and years (e.g. Kennard et al. 2006a). Finally, different sampling protocols are used in 

different jurisdictions, and it is instructive to see whether model predictions are transferable to 

samples collected using different methods, and thus more widely applicable. Because different 

modelling strategies may be prone to over- or under-fitting training data, thorough external 

model validation in different spatial and temporal contexts is required. 
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Studies comparing the performance of different SDM algorithms are now fairly common (e.g.  

Oakes et al. 2005; Elith et al. 2006). However, very few investigations have focussed on the 

predictive success of the three broadly different modelling strategies previously identified 

specifically for stream bioassessment (but see Olden et al. 2006). Moreover, there is a paucity 

of studies that explore the implications of employing these strategies and their method of 

evaluation to the range of potentially useful applications for stream management (Olden & 

Jackson, 2002). Different evaluation measures highlight the advantages and drawbacks of 

modelling strategies for different intended applications (Araújo & Peterson 2012; Olden & 

Jackson, 2002). Ideally, SDMs have low omission and commission error rates (i.e. high 

sensitivity and specificity respectively); however, these errors are usually a trade-off. 

Depending on the intended model use, and costs associated with making incorrect decisions, 

preferences will be either to balance these errors, or favour one or the other (Araújo & Peterson, 

2012). For example, a model that balances omission and commission errors may be well suited 

to stream bioassessment, while an alternative model that exhibits high sensitivity (i.e. correctly 

predicted presence) with some minimum criteria for specificity (correctly predicted absences) 

may be more useful for identifying suitable areas for re-stocking a species. This is because the 

model would highlight areas where a species could be (i.e. maximising potentially suitable 

habitat), rather than where it is presently observed (Araújo & Peterson, 2012). The emergence 

of broad scale stream bioassessment programs has resulted in large collections of aquatic 

species distribution data that may have applications beyond the purpose for which they were 

originally intended. Comprehensive evaluation of modelling strategies has potential to shift 

bioassessment programs beyond ‘first-cut’ river health assessments by improving the 

sensitivity of biotic indices to detecting anthropogenic impacts and by making undervalued 

monitoring data more widely applicable. 

This current study uses fish assemblage data collected at least disturbed reference sites for the 

Ecosystem Health Monitoring Program (EHMP) (see Bunn et al. 2010), to evaluate the 

accuracy and potential utility of three different modelling strategies (single species, multi-

species response, and community classification) for stream bioassessment and other model 

applications for stream management. Specifically, it aims to: (1) explore species-environment 

relationships and evaluate consistency of predictor selection among strategies; (2) assess 

whether the addition of field derived variables to GIS-based variables significantly improves 

model accuracy; (3) determine which strategy is best suited to stream bioassessment programs 

using fish indicators and a reference condition approach by externally evaluating model 
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performance in space and time; and (4) appraise which strategies may be suited to other 

applications that can be used to complement bioassessment programs (e.g. conservation reserve 

design, assessing species range changes under climate scenarios, identification of suitable re-

stocking sites). 

4.3 Materials and Methods 

4.3.1 Study area 

The study area includes streams in sub-tropical eastern Australia extending from the Mary 

River Basin in south eastern Queensland (SEQ), to the Clarence River Basin in north eastern 

New South Wales (NEN), Australia, and spans an area of approximately 64,000 km2 (Figure 

4-1). It occurs within the eastern biogeographic province (Unmack, 2001), and represents a 

transitional zone for tropical and temperate fish species (Pusey et al. 2004). The climate ranges 

from cool-temperate near the Great Dividing Range on the western margin to sub-tropical along 

the eastern coastal margin. Rainfall and stream flows are generally highest during summer and 

autumn, although many of the streams exhibit highly variable flow, both seasonally and inter-

annually (Kennard et al. 2010). The area contains several vegetation types including: 

subtropical; warm and temperate rainforest; wet and dry sclerophyll forest; tableland and dry 

valley woodlands; and coastal ‘wallum’ (Banksia spp.) heaths (DECCW, 2015). Key land uses 

in the region include cattle grazing and cropping, large tracts of urban and industrial 

development, managed and plantation forests and a range of intensive plant and animal 

industries. Consequently, many streams in the study area have degraded water quality, in-

stream habitat and riparian condition. As indicted by spatial patterns in River Disturbance 

Index scores (Stein et al. 2002; Figure 4-1), the central and northern section of the study area 

contains large urbanised areas and has a greater number of regulated stream sections and 

anthropogenic barriers to fish passage than does the southern section (see Chapter 3) for more 

information on the environmental characteristics of the study area). 
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Figure 4-1 Reference site locations for each dataset used, and major river systems in the study 

area.  The river disturbance index (RDI–see Stein et al. (2002) for details of its derivation) 

provides context for the ‘least disturbed’ reference sites; low RDI values indicate low levels of 

human pressures in the upstream catchment. Note that the season dataset is represented by all 

‘training’ sites in the SEQ section of the study area. 
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4.3.2 Site selection, sampling methods and datasets 

Fish assemblages were sampled at 128 least disturbed reference sites (Figure 4-1; see Chapter 

3 for details) in the post wet season (autumn/winter) of 2013 using a standardised single pass 

backpack electrofishing protocol (EHMP, 2013; mean stream length of 98m), which yields 

reliable estimates of species presence-absence at each site. Fish sampling was carried out under 

Animal Ethics permits (Department of Agriculture and Fisheries Permit SA 2012/11/393; and 

Griffith University Animal Ethics Permit ENV/04/12/AEC). The study area received average 

rainfall during the autumn/winter sampling period, following a wetter than average summer. 

The study area had a reasonable spatial coverage of sampling sites except for the Brisbane 

River Basin upstream of Wivenhoe Dam, owing to the lack of reference quality sites in this 

area (Figure 4-1). Data from 103 sites (80% random subset) were used to train the models 

(hereafter termed ‘training’ dataset–see Figure 4-1) and data from the remaining 25 sites (20%) 

were used as external model evaluation (‘space’ dataset–Figure 4-1). 

Three additional datasets were sourced to externally evaluate model generality through space 

and time. The first dataset consisted of fish catch from 79 of the 128 previously described SEQ 

sites, sampled in the pre-wet season (spring/summer) of 2012 (‘season’ dataset). Use of that 

data enabled assessment of whether seasonality markedly affected predictions, and from a 

bioassessment perspective, whether a seasonal sampling window is required for data collection 

at test sites. The second dataset contained 23 sites from SEQ corresponding to those from the 

training dataset, sampled biannually between 2003 and 2011 (‘time’ dataset–Figure 4-1) (n = 

331). Note that not every site was sampled each season owing to sampling constraints (e.g. 

depth too great to sample effectively). This allowed assessment of the stability of predictions 

through time and therefore whether valid comparisons can be made at test sites in the future 

(i.e. does the benchmark markedly fluctuate with antecedent conditions?). The third dataset 

contained 33 sites from NEN drawn from the New South Wales Department of Primary 

Industries freshwater fish database (Hartley et al. 2015) that had been sampled with a single 

pass electrofishing (backpack or boat) and bait trapping method (‘Method’ dataset–Figure 4-1). 

This enabled assessment of whether the model predictions are transferable to samples collected 

with a different fish sampling protocol, acknowledging that these samples were also collected 

over a number of seasons and years. The first four datasets (training, space, season and time) 

were all sampled using a consistent standardised single pass electrofishing protocol (EHMP, 

2013). 
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4.3.3 Fish data 

Fish catch data were converted to species presence-absence, and alien and estuarine vagrant 

species were removed. Species occurring at only one site in the training dataset were also 

removed, as these could not be modelled by all of the methods. The final training dataset 

consisted of 25 native species with prevalence among sites ranging from 3% (Ophisternon sp.) 

to 95% (Anguilla reinhardtii), with a mean (± SD) fish species richness of 6.5 (±2.8) per site. 

4.3.4 Predictor variables 

Twenty-three ecologically relevant predictor variables representing four different spatial scales 

were selected from a larger list of candidate variables (Appendix D) as input to modelling. 

Candidate variables were chosen on the basis of prior research in the region (Kennard et al. 

2006a, 2007; Stewart-Koster et al. 2007). Variables were excluded if they had missing values 

or they were highly correlated (absolute Pearson r>0.8). For highly correlated variable pairs, 

we decided which variable to omit on the basis of which we believed would have a more direct 

influence on fish assemblages. Twenty variables were GIS-based, and represented three spatial 

scales: (1) the stream segment and associated sub-catchment, (2) the downstream flow path 

and (3) the upstream catchment (see Stein et al. (2014) for details). The remaining three site-

scale predictors; stream width, depth and flow velocity, were measured at each sampling site 

using standard EHMP methods (EHMP, 2013) to form part of the training, space, and season 

datasets. With these datasets, fish assemblages were modelled with and without the site-scale 

environmental variables measured in the field to determine whether inclusion of these variables 

significantly increased model performance. Eight variables were transformed to meet the 

assumption of a normal distribution required by some models (e.g. DFA) (see Appendix D). 

4.3.5 Model fitting 

4.3.5.1 Single species ensemble model (ENS). 

Predictive models were constructed and mapped to the relevant portion of the stream network 

of Stein et al. (2014), which consisted of 10,928 stream segments with Strahler stream order>1. 

Stream segments were defined as the length of stream between two confluences (mapped at 

1:250000 resolution), and were typically 2-3km in length. First order stream segments, which 

were not considered in this study, had an average upstream catchment area of 3.5km2. Five 

types of commonly used single species models were selected to generate a single ensemble 

model for each species using the BIOMOD package (Thuiller et al. 2009) in R (version 2.13.1, 

Foundation for Statistical Computing: Vienna, Austria). The models used were: generalised 

linear models (GLM), random forest (RF), boosted regression trees (GBM), artificial neural 
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networks (ANN) and multivariate adaptive regression splines (MARS). Parameter settings 

used for each model were the default in the BIOMOD package. Models were trained using 80% 

of the ‘training’ dataset and k-fold cross validated (k = 5) using the remaining 20%. This 

process was repeated 10 times for each modelling algorithm, using a randomised 80/20% 

allocation of sites each time, resulting in 50 candidate models per species for ensemble 

modelling. Only cross-validated models were retained for the ensemble model, that is, the full 

model was not considered. The true skill statistic (TSS) was used as the criterion for model 

retention. TSS equals the sensitivity + specificity– 1 (Allouche et al. 2006). Models were 

retained if the TSS>0.8, except where no candidate models met this criterion, in which case, 

TSS> 0.7 was used. The retained models were combined into a single ensemble model for each 

species by calculating the arithmetic mean of prediction probabilities. We chose this method 

as it has been shown to provide more robust predictions than single models and most other 

consensus techniques (Marmion et al. 2009). 

4.3.5.2 Multi-species response models (MARS and MANN). 

Two multi-species response models were generated. These models use an input matrix 

containing all species, and make predictions in a single analysis. The first was a multivariate 

adaptive regression splines (MARS) multiresponse model (Friedman, 1991) and was fitted 

using custom R scripts (Elith & Leathwick, 2007) and the mda package (Hastie & Tibshirani, 

2010). First order interactions were allowed, and a penalty value of 2 was selected to avoid 

over-fitting (this parameter penalises degrees of freedom). Other penalty values (0.5, 1, 1.5 and 

2.5) were trialled but these model iterations were less successful, as assessed by the mean cross-

validated species area under curve of the receiving operator characteristics plot (AUC), and are 

not reported on further. 

The second multi-species response model generated was a single hidden-layer feed-forward 

multirepsonse artificial neural network (MANN), model fit using the nnet package in R 

(Venables & Ripley, 2002). Initially, the performance of different network structures was 

evaluated using a range of hidden nodes (0–20) and decay weights to optimise the model and 

prevent over-fitting (Venables & Ripley, 2002). The best structure, selected using the highest 

mean cross-validated species AUC, contained seven hidden nodes and a decay weight of 0.03. 

Because neural network predictions can differ for different model iterations owing to the 

assignment of initial random parameter weights, we generated 10 MANN models, with the best 

fit (evaluated by mean species AUC) retained as the final model. An ensemble MANN was 

also trialled by retaining the five best models (evaluated by mean species AUC) and calculating 
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the arithmetic mean of probabilities of occurrence; however, this model did not perform as well 

as the ‘best’ individual model, and is not reported on further. 

4.3.5.3 RIVPACS community-type models (DFA and RF). 

Two RIVPACS community-type models were constructed. This procedure uses an initial step 

that classifies the biota into assemblage groups (see Moss et al. (1987) for a detailed description 

of the general modelling procedure). Firstly, Sørensen’s dissimilarity was calculated from the 

species by site matrix, and sites were clustered using the flexible unweighted pair group method 

with arithmetic mean (β = -0.6). Six assemblage groups were identified visually from the 

resultant cluster (see Appendix E). Secondly, two classifiers were used to predict the group 

membership of sites, one using a traditional approach (DFA classifier selected using stepwise 

backwards elimination with Akaike’s information criterion), and the second using a random 

forest classifier (RF; Breiman, 2001). Thirdly, occurrence probabilities for each species at each 

site were calculated by multiplying the site probability of group membership by the species 

frequency of occurrence for each group, then summing the products across assemblage groups. 

The underlying group classification was the same for each model. Both models were 

constructed using custom R scripts (Van Sickle, 2011). 

4.3.6 Relative importance of predictor variables 

Methods for assessing predictor variable importance were model specific. Single species 

ensemble models were assessed by a permutation approach (see Thuiller et al. 2009). The 

MARS multi-species response model was assessed using the loss of deviance explained when 

the variable under consideration was omitted (Friedman, 1991). The MANN model was 

assessed using the connection-weight approach (Olden et al. 2006). The RIVPACS DFA model 

was assessed using F-to-remove statistic associated with the partial Wilk’s lambda for the 

variable under consideration (e.g. Casatti & Castro, 2006) The RIVPACS RF model was 

assessed using mean decrease in the Gini index (Breiman, 2002). To enable comparison among 

models, the average rank importance of retained predictors was used. 

4.3.7 Model evaluation 

The match between the predicted and observed assemblage composition was evaluated using 

two metrics: the taxonomic completeness index (the ratio of observed to expected species) at a 

cut-off threshold of 0.5 (O/E50), and the Bray-Curtis dissimilarity index (Van Sickle, 2008) 

(Table 4-1). For O/E50, the number of expected species is calculated as the sum of species 

probabilities >0.5. We selected 0.5 as the cut-off as it is the most commonly used threshold for 
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stream bioassessment. For the Bray-Curtis index, all species were included (i.e. a cut-off 

threshold of 0). 

Table 4-1 Metrics used to evaluate model performance at species and assemblage levels. 

Code Metric Description 

Species level metrics 

AUC Area under curve of the receiving 

operator characteristics plot 

Ranges from 0.5 to 1; Higher values indicate a 

better fit 

Se Sensitivity Correct prediction of presence (ranges from 0 to 

1; 1 indicates perfect prediction) 

Sp Specificity Correct prediction of absence (ranges from 0 to 

1; 1 indicates perfect prediction) 

K Cohen's Kappa Generally ranges from 0 to 1; higher values 

indicate a better fit 

CCR Correct Classification Rate Proportion of sites correctly classified as either 

present or absent 

Assemblage level metrics 

Mean O/E Mean of O/E index Indicates model accuracy 

Bandwidth 90th percentile minus 10th percentile of 

O/E index 

Estimate of model precision; used to develop 

'bands' of impairment 

r2 Pearson r-squared regression coefficient 

of O vs E 

Model goodness of fit 

SD Standard deviation of O/E index Estimate of model precision 

Slope Slope of the linear regression of O vs E Indicative of model bias (e.g. slope <1 indicates 

underestimation of richness at diverse sites) 

Intercept Y-intercept of linear regression of O vs E Indicative of model bias 

BC Bray-Curtis dissimilarity index  Dissimilarity between forecast and observed 

community (i.e. lower is better) 

SD BC Standard deviation of the BC index Estimate of BC model precision 

 

Model performance was evaluated for each species and dataset using several common SDM 

evaluation statistics (described in Table 4-1) generated with the SDMTools package in R 

(VanDerWal et al. 2012). For threshold dependant metrics, 0.5 was again used as the 

occurrence probability cut-off threshold. One-way analysis of variance (ANOVA) and Tukey’s 

honestly significant difference tests were used to determine if each evaluation metric 

significantly differed among each of the five models and datasets. To gain insight into the 

consistency of spatial predictions of each model, we mapped the occurrence predictions of a 

high prevalence species (Melanotaenia duboulayi) and a low prevalence species (Hypseleotris 

klunzingeri). 

4.4 Results 

4.4.1 Consistency of predictor variable selection among modelling strategies 

Stream elevation was the most influential predictor of fish assemblages, followed by the slope 

of the upstream catchment, distance to the sea, and mean annual runoff (Table 4-2). Stream 
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elevation and catchment slope were the only two predictors selected by every model, and the 

former was ranked as the most important variable by all models except for the RIVPACS DFA. 

The eight candidate catchment geology variables were all ranked amongst the 10 least 

important predictors. The models were relatively consistent in predictor variable selection, 

although the RIVPACS DFA modelling process selected stream temperature in the hottest 

month and % unconsolidated geology in the upstream catchment as the two most important 

variables, whereas these variables were not ranked highly for the remaining models.  

Table 4-2 Ranking of GIS-based predictor variable importance for predicting fish assemblage 

composition for each modelling strategy (1 indicates the most important variable). 

 Modelling strategy 

Predictor ENS DFA RF MARS MANN Average 

Mean segment elevation 1 6 1 1 1 2.0 

Catchment average slope 3 3 3 2 6 3.4 

Distance to outlet (the sea) 6 7 2 - 3 4.5 

Mean annual runoff 2 5 9 - 2 4.5 

Catchment shape (elongation ratio) 5 4 7 - 4 5.0 

Maximum upstream elevation 4 - 4 - 12 6.7 

Stream and sub-catchment average annual rainfall 7 - 8 - 5 6.7 

Stream and sub-catchment hottest month mean 

temperature 
12 1 6 - 9 7.0 

Average slope of downstream flow path 9 - 10 - 7 8.7 

Catchment relief ratio 8 - 5 - 13 8.7 

Catchment percentage unconsolidated rocks 16 2 14 - 10 10.5 

Catchment percentage igneous rocks 10 - 13 - 14 12.3 

Modelled annual terrestrial mean net primary 

productivity 
17 - 12 - 8 12.3 

Coefficient of variation of monthly totals of 

accumulated soil water surplus 
11 - 11 - 17 13.0 

Stream and valley percentage 

siliciclastic/undifferentiated sedimentary rocks 
13 - 15 - 11 13.0 

Stream and valley percentage unconsolidated rocks 15 - 16 - 15 15.3 

Catchment percentage metamorphic rocks 14 - 17 - 19 16.7 

Stream and valley percentage metamorphic rocks 18 - 19 - 18 18.3 

Stream and valley percentage mixed sedimentary and 

igneous rocks 
20 - 20 - 16 18.7 

Catchment percentage mixed sedimentary and 

igneous rocks 
19 - 18 - 20 19.0 

 

See Appendix D for predictor variable descriptions. ENS – Single species ensemble model; DFA – RIVPACS community 

model using a discriminant function classifier; RF – RIVPACS model using a random forest classifier; MARS – Multi-species 

response multivariate adaptive regression splines model; MANN – Multi-species response artificial neural network model. 
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4.4.2 Performance of models with and without field-derived predictors 

Predictive accuracy, as assessed by mean species AUC, did not significantly differ between 

models calibrated using GIS-derived predictor variables and those with the addition of field 

derived predictors for any of the modelling strategies (p<0.05 for all one-way ANOVAs) 

(Table 4-3). Further, none of the 25 species exhibited consistent improvement in AUC with the 

addition of field derived variables. Given the overall lack of differences, the remainder of the 

results section relates to the models derived with GIS-derived predictors only. 

Table 4-3 AUC averaged among species using (i) all predictor variables and (ii) GIS-based 

predictors alone, for three datasets. 

Model Variables Training 

(n=103) 

Space (n=25) Season (n=79) Average 

ENS All variables 0.99 0.81 0.86 0.89 

 GIS only 0.99 0.82 0.85 0.89 

DFA All variables 0.82 0.77 0.80 0.80 

 GIS only 0.81 0.76 0.79 0.79 

RF All variables 0.86 0.81 0.78 0.82 

 GIS only 0.86 0.80 0.79 0.82 

MARS All variables 0.85 0.84 0.83 0.84 

 GIS only 0.85 0.78 0.83 0.82 

MANN All variables 0.86 0.77 0.74 0.79 

 GIS only 0.86 0.76 0.80 0.81 
 

No significant differences (at p<0.05) were detected between (i) and (ii) for any model/dataset combination, assessed by one-

way ANOVAs. ENS – Single species ensemble model; DFA – RIVPACS community model using a discriminant function 

classifier; RF – RIVPACS model using a random forest classifier; MARS – Multi-species response multivariate adaptive 

regression splines model; MANN – Multi-species response artificial neural network model. 

 

4.4.3 Accuracy of assemblage composition prediction among modelling strategies 

Ensemble models were superior to other modelling strategies across most O/E50 evaluation 

metrics when applied to the training dataset; and generally produced the most precise O/E50 

estimates across all datasets as indicated by low standard deviation and narrow bandwidths 

(Table 4-4). However, mean O/E50 and regression slope were consistently <1 when applied to 

the external datasets implying model bias (i.e. overestimating expected species, particularly for 

sites with high species richness). The ensemble model also performed poorly for the ‘space’ 

dataset, driven by a few outlying sites (e.g. O/E50 of 0 for a high elevation site in NEN). 
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Table 4-4 Assemblage level model evaluation metrics typically used to assess model quality 

for stream bioassessment for each model and dataset. 

Dataset Model Mean 
O/E50 

SD O/E50 Band 
width 
O/E50 

r2 

O/E50 
Slope 
O/E50 

Intercept 
O/E50 

Mean BC SD  
BC 

Training ENS 1.08 0.13 0.33 0.95 1.11 -0.14 0.20 0.10 

(n=103) DFA 1.03 0.29 0.71 0.61 1.06 -0.09 0.42 0.10 
 

RF 1.05 0.32 0.61 0.74 1.15 -0.35 0.42 0.10 
 

MARS 0.98 0.25 0.57 0.73 0.98 0.01 0.38 0.10 

  MANN 1.06 0.24 0.48 0.87 1.02 0.17 0.38 0.13 

Space ENS 0.91 0.33 0.72 0.51 0.64 0.85 0.37 0.15 

(n=25) DFA 0.99 0.29 0.56 0.78 0.93 0.18 0.46 0.13 
 

RF 1.02 0.30 0.48 0.83 1.13 -0.21 0.47 0.12 
 

MARS 0.92 0.28 0.51 0.77 0.90 0.07 0.42 0.12 

  MANN 0.92 0.31 0.62 0.60 0.72 0.52 0.45 0.15 

Season ENS 0.91 0.19 0.47 0.78 0.89 0.06 0.52 0.08 

(n=79) DFA 1.01 0.27 0.66 0.60 1.09 -0.30 0.52 0.09 
 

RF 1.03 0.29 0.62 0.68 1.26 -0.81 0.52 0.09 
 

MARS 0.97 0.25 0.61 0.69 0.97 0.05 0.51 0.09 

  MANN 1.00 0.26 0.65 0.75 0.96 0.13 0.52 0.10 

Time ENS 0.83 0.24 0.58 0.56 0.71 0.68 0.37 0.13 

(n=23; 331 
samples) 

DFA 1.18 0.34 1.06 0.42 0.78 1.28 0.44 0.11 

 
RF 1.16 0.38 0.95 0.43 0.91 0.85 0.44 0.11 

 
MARS 1.00 0.34 0.86 0.40 0.66 1.25 0.42 0.11 

  MANN 1.04 0.30 0.71 0.52 0.84 0.78 0.42 0.11 

Method ENS 0.76 0.25 0.52 0.50 0.66 0.51 0.41 0.12 

(n=33) DFA 0.97 0.30 0.58 0.42 0.78 0.62 0.45 0.11 
 

RF 1.02 0.29 0.67 0.49 0.84 0.55 0.49 0.10 
 

MARS 0.93 0.27 0.60 0.43 0.77 0.57 0.43 0.11 

  MANN 0.86 0.28 0.57 0.63 0.71 0.49 0.47 0.11 

 

Bold and italicised text indicates the ‘best’ metric value for each dataset/model combination. See Table 4-1 for metric codes 

and descriptions. ENS – Single species ensemble model; DFA – RIVPACS community model using a discriminant function 

classifier; RF – RIVPACS model using a random forest classifier; MARS – Multi-species response multivariate adaptive 

regression splines model; MANN – Multi-species response artificial neural network model. 

 

The multi-species response and RIVPACS models had similar accuracy (mean O/E50 and r2) 

and bias (slope and intercept) across all datasets; however, precision (bandwidth and standard 

deviation) was usually better for the multi-species response models. The RIVPACS models 

were conservative in including taxa at a 0.5 threshold (e.g. total of nine species were potentially 

predicted to occur for the training dataset) in comparison to MANN and MARS multi-response 

models (16 and 18 species, respectively) and the ensemble models (all 25 species). For 

example, the two RIVPACS models did not predict Hypseleotris klunzingeri, a low prevalence 
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species (18% in the training dataset), to occur at all (Figure 4-2a). This species is effectively 

ignored in the O/E50 index, even though it has a highly predictable distribution, as indicated by 

a mean AUC of 0.9 for the ensemble model (Table 4-1). 

  

Figure 4-2 Projected species distributions (at a cut-off threshold of 0.5) for (a) Hypseleotris 

klunzingeri and (b) Melanotaenia duboulayi. Green stream segments are predicted presences; 

grey segments are predicted absences. The circles are sites that were sampled in autumn/winter 

2013 (i.e. the training and space datasets; n = 128). Red circles are observed presences, open 

circles are observed absences. ENS–Single species ensemble model; DFA–RIVPACS 

community model using a discriminant function classifier; RF–RIVPACS model using a 

random forest classifier; MANN–Multi-species response artificial neural network model; 

MARS–Multi-species response multivariate adaptive regression splines model. 
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The ensemble model best matched observed to predicted assemblage composition using the 

BC index relative to other modelling strategies for all datasets except ‘season’ where BC values 

were almost equivalent among models. The multi-species response models also generally 

produced lower BC values than the RIVPACS models. The precision of BC had no discernible 

patterns across datasets or models. 

4.4.4 Accuracy of species predictions among GIS- based modelling strategies 

AUC ranged from 0.68 (Anguilla australis) to 0.95 (Hypseleotris compressa and Ophisternon 

sp.), averaged across datasets and modelling strategies (Table 4-5). The ensemble model 

produced good predictions (arbitrarily defined as AUC>0.8) for 20 species compared with 

MARS (13 species), the two RIVPACS-type models (9 species each) and the MANN model (8 

species). On average, the ensemble model most accurately predicted rare species (i.e. those 

with prevalence <10%); however, differences among strategies were not significant (p>0.05 

for one-way ANOVAs). The two RIVPACS-type models least accurately predicted rare 

species. 
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Table 4-5 AUC for each species, averaged among datasets. 

Species 

Observed 

prevalence ENS DFA RF MARS MANN Average 

Ambassis agassizii* 9% 0.89 0.75 0.75 0.84 0.85 0.82 

Anguilla australis 15% 0.78 0.66 0.72 0.63 0.61 0.68 

Anguilla reinhardtii 95% 0.83 0.84 0.86 0.77 0.79 0.82 

Craterocephalus Marjorie 13% 0.80 0.81 0.85 0.83 0.78 0.81 

Craterocephalus stercusmuscarum* 7% 0.95 0.79 0.78 0.85 0.93 0.86 

Galaxias olidus* 6% 0.95 0.82 0.90 0.95 0.96 0.91 

Gobiomorphus australis 43% 0.97 0.92 0.93 0.93 0.91 0.93 

Gobiomorphus coxii 29% 0.83 0.71 0.76 0.82 0.77 0.78 

Hypseleotris compressa 35% 0.94 0.95 0.95 0.95 0.94 0.95 

Hypseleotris galii 54% 0.84 0.75 0.80 0.79 0.76 0.79 

Hypseleotris klunzingeri 18% 0.90 0.77 0.71 0.73 0.79 0.78 

Leiopotherapon unicolor* 8% 0.73 0.69 0.73 0.69 0.73 0.71 

Melanotaenia duboulayi 67% 0.78 0.73 0.77 0.74 0.76 0.76 

Mogurnda adspersa 12% 0.95 0.60 0.64 0.79 0.75 0.74 

Mugil cephalus* 9% 0.83 0.85 0.75 0.83 0.74 0.80 

Notesthes robusta 11% 0.92 0.85 0.77 0.81 0.70 0.81 

Ophisternon sp.* 3% 0.96 0.93 0.95 0.95 0.95 0.95 

Percalates novemaculeata 18% 0.77 0.68 0.75 0.69 0.69 0.72 

Philypnodon grandiceps 26% 0.83 0.74 0.75 0.70 0.79 0.76 

Philypnodon macrostomus 17% 0.81 0.71 0.79 0.78 0.72 0.76 

Pseudomugil signifer 14% 0.83 0.69 0.70 0.75 0.71 0.74 

Retropinna semoni 68% 0.90 0.73 0.84 0.83 0.86 0.83 

Rhadinocentrus ornatus 15% 0.98 0.93 0.94 0.90 0.97 0.94 

Tandanus tandanus 55% 0.83 0.73 0.75 0.77 0.73 0.76 

Trachystoma petardi* 5% 0.76 0.79 0.72 0.81 0.72 0.76 

Number of ‘good’ predictions 

(AUC>0.8) 
 19 9 8 13 8 11 

 

ENS – Single species ensemble model; DFA – RIVPACS community model using a discriminant function classifier; RF – 

RIVPACS model using a random forest classifier; MARS – Multi-species response multivariate adaptive regression splines 

model; MANN – Multi-species response artificial neural network model. Asterisks denotes rare species (defined as <10% 

prevalence in the training dataset). 

Model projections varied considerably, including for species with a similar AUC. For 

example, projections for the relatively common species Melanotaenia duboulayi ranged from 

40% predicted occupancy of stream segments throughout the stream network for the 

ensemble models, to 79% for the RF RIVPACS-type model, even though the mean AUC for 

the two models was almost identical (Figure 4-2b, Table 4-5). 

Single species ensemble models derived from the training dataset were significantly more 

accurate (using AUC) than those from other strategies (Table 4-6). Ensemble models also 

generalised better across space, season, time and method datasets, although these differences 

were not significant (Table 4-6). The ensemble models also had significantly higher kappa, 



68 

 

sensitivity, and correct classification rates for the training dataset, as well as the highest values 

for all evaluation metrics averaged among the datasets. The multi-species response models had 

intermediate levels of predictive success, while both RIVPACS-type models on average 

exhibited the lowest success across all of the evaluation metrics. The ensemble models in 

particular, consistently had the highest sensitivity and consequently lowest omission error 

rates; however, specificity and correct classification rate did not vary markedly among 

modelling strategies. 
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Table 4-6 Mean species level evaluation metrics for each model and dataset. 

Dataset (no. sites) Model AUC  K Se Sp CCR 

Training (n=103) ENS 0.99A 0.88A 0.90A 0.96 0.96A 

 DFA 0.81B 0.16B 0.28B 0.87 0.86B 

 RF 0.86B 0.17B 0.28B 0.88 0.87B 

 MARS 0.85B 0.26B 0.37B 0.87 0.87B 

  MANN 0.86B 0.37B 0.43B 0.91 0.89B 

Space (n=25) ENS 0.82 0.35 0.52 0.87 0.88 

 DFA 0.76 0.14 0.29 0.86 0.87 

 RF 0.80 0.14 0.29 0.86 0.87 

 MARS 0.78 0.18 0.31 0.88 0.87 

  MANN 0.76 0.20 0.33 0.88 0.87 

Season (n=79) ENS 0.85 0.49A 0.62A 0.88 0.88 

 DFA 0.79 0.14B 0.27B 0.86 0.86 

 RF 0.79 0.14B 0.27B 0.87 0.86 

 MARS 0.83 0.24B 0.36AB 0.86 0.87 

  MANN 0.80 0.25B 0.35AB 0.88 0.87 

Time (n=23; 331 

samples) 
ENS 0.81 0.36A 0.62A 0.81 0.83 

 DFA 0.73 0.12B 0.28B 0.85 0.86 

 RF 0.74 0.13B 0.29B 0.85 0.86 

 MARS 0.77 0.13B 0.33AB 0.82 0.83 

  MANN 0.78 0.19AB 0.37AB 0.84 0.85 

Method (n=33) ENS 0.82 0.27 0.53 0.84 0.84 

 DFA 0.79 0.18 0.33 0.87 0.86 

 RF 0.77 0.15 0.31 0.86 0.86 

 MARS 0.78 0.20 0.36 0.87 0.86 

  MANN 0.74 0.17 0.37 0.84 0.84 

Average ENS 0.86 0.47 0.64 0.87 0.87 

 DFA 0.78 0.15 0.29 0.86 0.86 

 RF 0.79 0.15 0.29 0.86 0.86 

 MARS 0.80 0.20 0.35 0.86 0.86 

  MANN 0.79 0.24 0.37 0.87 0.87 

Significant differences in mean evaluation metrics among models are denoted by different letters (assessed by one-way 

ANOVAs and Tukey’s HSD tests). Bold values indicate the highest mean evaluation metric for each model/dataset. See Table 

4-2 for metric codes and descriptions. ENS – Single species ensemble model; DFA – RIVPACS community model using a 

discriminant function classifier; RF – RIVPACS model using a random forest classifier; MARS – Multi-species response 

multivariate adaptive regression splines model; MANN – Multi-species response artificial neural network model. 
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4.5 Discussion 

4.5.1 Correlates of fish assemblage composition and consistency of variable selection 

Variables related to the site position in the stream continuum (sensu Vannote et al. 1980) were 

strong determinants of fish assemblage composition in our study. These included elevation, 

catchment slope and mean annual runoff (discharge), and are likely related to stream size and 

depth, habitat diversity, primary production and carbon sources, water permanency, and the 

occurrence of important hydraulic habitat types such as pools, runs, and riffles (Chapter 3). 

Consistent with studies in coastal streams both locally (Kennard et al. 2006a, 2007) and 

elsewhere (Leathwick et al. 2008), distance to the sea was important, as several species require 

access to the sea to complete their life history (e.g. Mugil cephalus, A. reinhardtii, 

Gobiomorphus australis). Catchment and sub-catchment geology were generally found to be 

among the least important factors for fish assemblages, which contrasts with several studies 

elsewhere (Oakes et al. 2005; Joy & Death, 2014). Model predictions at headwater sites tended 

to be the least reliable, and we attribute this to the frequent presence of natural barriers in these 

stream types (e.g. waterfalls and steep cascades impassable to certain species). Detailed 

estimates of the size and gradient of such barriers, historical persistence of refugia above these, 

and frequency of ‘drown-out’ events would likely improve predictions in these areas. This 

information is currently difficult to acquire at regional scales. However, high resolution 

topographic data acquired from light detection and ranging (LiDAR) is becoming increasingly 

available and offers scope for improving model parameterisation for these stream types in the 

future. 

The different modelling strategies identified important variables fairly consistently, with the 

following exceptions. First, the MARS multi-species response model was exceptionally 

parsimonious; only identifying two important variables: elevation and upstream catchment 

slope. Yet this model yielded remarkably good predictive accuracy across all datasets. Second, 

the DFA RIVPACS model selected air temperature in the hottest month and % unconsolidated 

geology in the upstream catchment instead of stream elevation, as the most important variables, 

which was ranked first by all other models. These variables, like elevation, probably serve as 

a proxy for position in the stream continuum; however, the DFA model generally produced the 

least accurate predictions. Whether this is due to the predictor selection method (stepwise AIC) 

or the modelling process (fitting linear functions versus more flexible ML algorithms) is 

unclear. 
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4.5.2 Spatially continuous predictions 

Several studies have demonstrated the link between landscape scale predictors, local habitat 

features and fish assemblage composition in minimally impacted streams (Mugodo et al. 2006; 

Frederico et al. 2014). Exploratory studies examining the relative roles of local and landscape 

variables for structuring fish communities are fairly common (e.g. Fischer & Paukert, 2008; 

Esselman & Allan, 2010). However, fewer studies have directly quantified the loss of 

predictive model accuracy using landscape variables alone, many of which may act as a proxy 

for local habitat conditions (e.g. Gido et al. 2006; Kristensen et al. 2012). Our study 

demonstrated that the inclusion of commonly used habitat variables (width, depth and flow 

velocity) yielded minimal gain in predictive accuracy at a regional scale. However, other work 

has shown that local habitat variables are important for predicting species occurrence at smaller 

spatial scales (Joy & Death, 2004), or for predicting other types of species responses such as 

variation in abundance or biomass (e.g. Kennard et al. 2007; Stewart-Koster et al. 2013). 

The minimal gain in predictive accuracy using field derived predictor variables has several 

implications for stream bioassessment programs using fish indicators, which are typically 

implemented at regional scales. Firstly, the additional collection of field derived variables can 

be time consuming and expensive, and appears to provide marginal improvements in model 

accuracy relative to cost (Esselman & Allan, 2010). Model accuracy could be improved by 

instead diverting resources to sampling a greater number of sites or expending a greater 

sampling effort per site. Secondly, habitat measurements collected at the site are commonly 

influenced by anthropogenic stressors thereby biasing predictions at test sites (Chessman, 

2006; Walsh, 2006). For example, flow velocity and stream depth may be affected by river 

regulation, water extraction, sedimentation or mobile sand slugs (Chessman, 2006). The use of 

static, GIS-based landscape variables that are not influenced by human pressures avoids this 

issue. Thirdly, the use of spatially continuous variables enables predictions to be mapped to 

stream networks. This can broaden the application of bioassessment data to answer important 

stream management questions that require spatially explicit outputs (Joy & Death, 2004), such 

as predicting responses to future climate or restoration scenarios; mapping aquatic biodiversity 

and identifying species conservation priorities; and predicting the invasion potential of alien or 

translocated species. 

4.5.3 Prediction of rare species 

On average, rare species were slightly, but not significantly better predicted by the single 

species ensemble model relative to the other models. This differs from reports that rare species 
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are better predicted by multi-species response models (Leathwick et al. 2006; Elith & 

Leathwick, 2007) or community models (Bonthoux et al. 2013), which directly include co-

occurrence information. However, our findings concur with other studies (Chapman & Purse 

2011; Hallstan et al. 2012) where single species models slightly better predicted rare species 

than their community classification and multi-species response model counterparts, 

respectively. Possible explanations for our findings are: (1) several rare species in our study 

have strict habitat requirements and were consequently predicted well by all modelling 

strategies (e.g. Galaxias olidus is restricted to high elevation, low temperature areas; 

Ophisternon sp. generally occurs in low gradient, tannin stained, coastal stream habitats); (2) 

species co-exclusion may be indirectly inferred via absence data for the single species models 

(e.g. expressed by environmental conditions that favour a competitor or predator) and (3) gains 

in predictive accuracy made via the ensemble process may outweigh any potential gains made 

by inclusion of species co-occurrence information. As suggested by Hallstan et al. (2012), 

predictions from models that use co-occurrence information may also be improved by 

incorporating potentially interacting species from the broader aquatic community, such as 

invertebrates, macrophytes, phytoplankton and piscivorous birds. 

4.5.4 Fish assembly and model accuracy  

The strategies that allowed modelling of species-specific responses (i.e. ensemble and multi-

species response models) outperformed the community/RIVPACS method across most 

evaluation metrics. There are two likely explanations for this. Firstly, each species may be 

responding independently to environmental gradients, and the RIVPACS approach, which 

models the response of assemblage groups, cannot reliably quantify these relationships. 

Secondly, the role of contemporary species interactions may not be a large component of the 

realised fish distribution, at least in the context of the study area. The relative roles of abiotic 

versus biotic drivers of riverine fish assemblage composition have been the focus of many 

studies (see review by Jackson et al. 2001). Generally, the emphasis of these roles are 

dependent on the spatial scale of the study, with abiotic factors usually being identified as being 

more important than biotic factors for broad scale studies such as ours. Many streams of the 

present study area are hydrologically variable and unpredictable, both seasonally and inter-

annually (Kennard et al. 2006a, 2010). Consequently, biotic interactions may be superseded by 

the effect of strong hydrological controls which may prevent species abundances from reaching 

carrying capacity (Jackson et al. 2001). Additionally, the relatively unpredictable 

environmental conditions in our study area may have historically extirpated species, as 
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evidenced by relatively depauperate fish assemblages by global standards (Unmack, 2001), 

leading to ‘vacant niches’, thereby reducing contemporary competitive or predation pressure. 

4.5.5 Model appraisal for stream bioassessment 

Both RIVPACS type models had low sensitivity (thus a high omission error rate), coupled with 

high specificity. This increases the chance of committing a type II error, that is, designating an 

impaired site as being unimpacted or underestimating the magnitude of prevailing impacts 

(Kennard et al. 2005; Cao et al. 2001). This trade-off between specificity and sensitivity is 

highlighted by examining the number of taxa never predicted to occur in the training dataset 

for each model using O/E50: 16 of the 25 modelled taxa are never predicted in either RIVPACS 

model, whereas the ensemble model predicts all 25 taxa to occur at one or more sites. 

Hypothetically, 64% of species could become locally extinct without a change in the O/E50 

metric using the RIPVACS models. Conservative models like these are potentially useful when 

high confidence is needed to designate a site as impaired (i.e. high specificity; low type I error 

rate) such as when a site is the unit being assessed for compliance (e.g. breaching of acceptable 

limits–Boulton, 1999). When the catchment is the unit of assessment, as is often the case for 

broad scale bioassessment programs, more sensitive models would be desirable. 

High taxa omission error rates can reduce the potential sensitivity of the O/E index to 

environmental impacts because rare taxa that may respond to subtle anthropogenic impacts are 

often excluded (Cao et al. 2001; Poos & Jackson, 2012). This effect may be particularly acute 

for bioindicator groups with low taxa richness (Smith et al. 1999; Kennard et al. 2006a), as is 

the case in the present study. Typically, researchers have focussed on the trade-off between 

potential RIVPACS-type model sensitivity and taxa inclusion versus model accuracy and 

precision by testing these responses at various probability of occurrence cut-off thresholds (0.1, 

0.2, etc.) (e.g. Clarke & Murphy, 2006). The decision of whether or not to include rare species 

is the subject of ongoing debate (Marchant, 2002; Clarke & Murphy, 2006; Van Sickle et al. 

2007; Poos & Jackson, 2012). We suggest the following three options for optimising this trade-

off. Firstly, alternative modelling strategies to RIVPACS community type models should be 

appraised, as in the present study and several others (Moss et al. 1999; Olden et al. 2006; 

Hallstan et al. 2012). Secondly, certain taxa may be omitted on the basis of taxa specific 

evaluation metrics (e.g. AUC, CCR) so that rare, but accurately modelled taxa can be 

distinguished from statistically ‘noisy’ taxa such as those that are unreliably sampled or 

governed by stochastic rather than strong niche related processes. In our study, the multi-

species response models did this inherently; for example, the MANN model did not make 
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predictions for four of the five least accurately predicted species across all models (using 

AUC). Thirdly, all taxa can be included with optimised thresholds applied on a per-taxon basis 

rather than applying a consistent threshold across all taxa (e.g. Joy, 2013). This approach has 

been adopted for converting probabilities to presence-absence data in most recent SDM studies 

(e.g. Baselga & Araújo, 2009; Chapman & Purse, 2011; Bouska et al. 2015), and thresholds 

can be optimised for a range of model evaluation metrics. Ultimately, the choice of evaluation 

metric depends on the intended application of the model (Freeman & Moisen, 2008; Thuiller 

et al. 2009). In the present study, we chose a cut-off threshold of 0.5, as this is the most common 

threshold used in RIVAPCS type models. However, this does not necessarily preserve the taxa 

prevalence of the training data, or result in the highest prediction accuracy, particularly for taxa 

with high or low prevalence (Freeman & Moisen, 2008). Further work is required to determine 

if using taxon-specific thresholds, rather than an arbitrary threshold of 0.5, can improve model 

accuracy for bioassessment. 

In general, the ensemble model provided accurate and precise estimates of O/E50, while 

affording the greatest number of species available for prediction relative to the other strategies. 

While relatively high precision was maintained across external datasets, mean O/E50 and 

regression slope were consistently <1 (Linke et al. (2005) recommend a slope between 0.85 

and 1.15). Given that mean AUC values were always highest for the ensemble method, we do 

not attribute this to model over-fitting; instead we suggest that the model is sensitive to 

assemblage changes through time (e.g. seasonal migrations of certain species such as 

Percalates novemaculeata and Trachystoma petardi which were both more prevalent in the 

post-wet samples in SEQ), and sampling differences (method dataset). 

The two multi-species response models were also relatively precise and accurate for O/E50, but 

were less biased for external datasets than the ensemble model, and included more potential 

taxa than the two RIVPACS models. These models also performed better for the external 

‘space’ dataset than the ensemble model; this is important given that accurate predictions are 

needed for new test sites. For these reasons, we recommend that either the MANN or MARS 

O/E50 model outputs would be most appropriate for bioassessment in our situation, if the 

taxonomic completeness (O/E) index was to be used. 

The taxonomic completeness index disregards information about species that were observed 

but not predicted (Hallstan et al. 2011) and for this reason, differences in AUC, Kappa and 

sensitivity among models were not mirrored in O/E50 values. In contrast the BC index does rely 

on this information, and is the probable reason that the ensemble model produced the lowest 
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mean BC values. BC has been proposed as complementing taxonomic completeness because 

(1) it includes low probability taxa and (2) it can detect stress-induced assemblage shifts that 

do not affect taxa richness (Van Sickle, 2008). If the BC index was to be used for bioassessment 

in our situation, the ensemble model would be the most appropriate choice. 

In general, the models derived from a single season (winter 2013), were able to predict 

assemblage composition with reasonable accuracy for sites sampled in different seasons and 

years, and using a different sampling protocol (Table 4-4). This is important, as the study area 

contains streams with that exhibit a high degree of hydrological variability, and ideally, 

bioassessment is able to distinguish anthropogenic from natural stressors. A similar study in 

southeast QLD (Kennard et al. 2007), also found that fish assemblage predictions from a 

community classification model were reasonably stable through time, although cautioned 

against relying on assessments from sites experiencing extended low flow periods (e.g. leading 

to isolated pools and restricted fish movement). 

4.5.6 Matching modelling strategy, evaluation metrics and application 

By assessing several different modelling strategies using multiple evaluations metrics, stream 

managers can appraise the value of models for different stream management applications 

(Olden & Jackson, 2002). For example, a model with high sensitivity would be desirable for 

determining site susceptibility to an invasive species, because of the high error cost 

associated with predicting unsuitable habitats incorrectly. Conversely, if the model purpose 

was for designating critical habitat for a threatened fish species, the focus might be on 

obtaining high specificity, because of the high cost associated with protecting sections of 

streams where the target species does not inhabit. In our study, ensemble models had high 

AUC, kappa and sensitivity values across all datasets, without significant reductions in 

specificity relative to other models. Therefore, we suggest that the ensemble modelling 

strategy would be superior for most of the non-bioassessment applications (Table 4-7).  
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Table 4-7 Desirable model evaluation properties for several common stream bioassessment 

applications of SDMs. 

 
Model Application Desirable evaluation 

properties 

Notes/references 

 

Bioassessment 

(reporting at the 

catchment scale) 

Balanced Sp and Se, mean O/E 

close to unity, low BC, High r2, 

low SD, low bias, low 

omission rate for assemblages 

with few taxa. 

Balance between type I error (incorrectly 

diagnosing an impaired stream as 

‘reference’) and type II error (incorrectly 

diagnosing a reference stream as impaired). 

Low availability of modelled taxa can lead 

to coarse estimates of ecological condition 

(Smith et al. 1999) 

Bioassessment 

(regulatory/compliance, 

at the site scale) 

High Sp, mean O/E close to 

unity, low BC, High r2, low 

SD, low bias. 

Certainty of species loss is required to be 

confident that acceptable limits have been 

breached 

Biodiversity mapping Balanced Sp and Se, high r2, 

low SD, low bias, O/E0 close to 

unity 

Requires a good regression fit of O vs. E 

Species conservation 

and reserve design  

High Sp High commission errors may lead to 

protection of habitats where target species 

may not actually inhabit (leading to 

potentially wasted limited resources) (e.g. 

Hermoso et al. 2013) 

Population discovery 

and range extension 

(survey gap analysis) 

High Se Commission errors are acceptable (e.g. 

accurate model, incomplete data such as 

species difficult to sample efficiently) 

Climate change  Balanced Sp and Se, or high Se Araújo & Peterson (2012); notes that 

guidance on whether to balance errors or 

down-weight commission errors is 

unresolved. 

Restocking and 

translocation 

suitability; habitat 

restoration 

High Se Focus on low omission error because 

species absences may be due to impacts and 

local extinctions (usually the impetus for 

restocking/restoration) 

Predicting site 

susceptibility to 

invasive species 

High Se Omission errors are less acceptable because 

of the costs associated with incorrectly 

identifying unsuitable habitat. 
Notes are sourced from Olden &Jackson, (2002); Araújo & Peterson (2012); and Ferrier et al. (2007). Refer to Table 4-1 for 

a description of the model evaluation property acronyms. 

 

4.6 Conclusions 

We suggest that the multi-species response modelling strategy is most suited to bioassessment 

using freshwater fish assemblages in our study area. At the species level, the ensemble model 

exhibited high sensitivity without reductions in specificity, relative to the other models. We 

suggest that this strategy is well suited to other non-bioassessment stream management 

applications, e.g. identifying priority areas for species conservation. However, it must be 

stressed that these findings are specific to the datasets used, taxa, and study area. Further studies 

are required before making generalisations about which modelling strategies are most 

appropriate for specific stream management applications, if generalisations can be made at all. 

We agree with Olden and Jackson (2002) in advocating that several modelling strategies should 
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be evaluated on the same dataset so that model outputs can be matched to intended uses. We 

believe that by exploring alternative modelling strategies, bioassessment data can answer many 

important stream management questions beyond the scope of ‘first cut’ river health 

assessments. 
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5.1 Abstract 

The taxonomic completeness index (ratio of observed to expected species; O/E) is widely used 

in stream bioassessment programs to infer ecological impairment. However, its sensitivity to 

detecting anthropogenic disturbances may be reduced by (1) the modelling procedure used to 

determine the expected species at a site (2) the inability of the index to account for assemblage 

shifts through species gains as well as losses; and (3) the frequent use of a threshold that only 

allows assessment of the absence of prevalent species. We used a version of the BC biotic index 

(an adaptation of Bray-Curtis distance) that incorporated alien and translocated species into the 

observed component, and generated expected native species probabilities using single species 

ensemble models (‘BCA’). Sensitivity analysis, bivariate correlations and multiple linear 

regression analyses were used to test whether BCA better detected anthropogenic disturbances 

than the standard BC (i.e. without alien and translocated species) and O/E50 derived from the 

same models. We also tested three additional fish biotic indices currently used in the Ecosystem 

Health Monitoring Program in Southeast Queensland, Australia. Of the indices tested, BCA 

explained the greatest amount of variance in anthropogenic disturbance variables, followed by 

BC and the proportional sample abundance of alien species. The BCA index was 18% more 

sensitive to detecting non-reference conditions, 20% more responsive to an anthropogenic 

disturbance gradient, and had twice the number of significant bivariate correlations with 

disturbance variables than the O/E50 index derived from the same underlying predictive model. 

We suggest that the improved performance of BCA relative to O/E50 lies in its ability to detect 

the addition of alien, translocated, and some native species whose traits allow them to persist 

or thrive in degraded conditions, and the inclusion of low prevalence taxa that may be sensitive 

to mild levels of disturbance. Given that generation of the BCA index requires no further 

information than already provided by traditional multivariate predictive models, we 

recommend its inclusion into bioassessment programs that use multivariate fish-based indices. 

5.2 Introduction 

Ecosystem health assessments are increasingly being used to understand the level of human 

related impact on aquatic systems (Bunn et al. 2010; Davies et al. 2010) and in association 

with this there is a need for the development of reliable and sensitive tools that can be used to 

undertake such assessments. Biotic indices based on the taxonomic composition of fish 

assemblages are commonly used to determine ecological status or ‘river health’, diagnose 

stressors and underpin sound stream management decisions (e.g. Hawkins et al. 2000; Bunn et 
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al. 2010). Ideally, biotic indices provide reliable empirical relationships with important 

gradients of anthropogenic disturbance to stream ecosystems (Walsh, 2006) while accounting 

for natural environmental variation. Most stream bioassessment programs rely on a reference 

condition approach to achieve this, using either multimetric or multivariate methods 

(Reynoldson et al. 1997; Stoddard et al. 2006). 

The multivariate approach involves predicting the taxonomic composition at a test site as if it 

were in an unimpacted state, typically modelled from data collected from a regional pool of 

reference (minimally impacted) sites (Norris & Hawkins, 2000).  The observed taxonomic 

composition at a test site is then compared to that predicted to occur by a model. The most 

common output of this is the taxonomic completeness index, that is, the ratio of observed to 

expected species (O/E) (e.g. Joy and Death 2002). As multivariate methods inherently account 

for natural variation, and provide ‘site-specific’ reference condition as a benchmark, they have 

become an increasingly popular method globally (Norris & Hawkins, 2000). Additionally, the 

outputs of multivariate models such as the River Invertebrate Prediction and Classification 

System (RIVPACS) can provide different information to stream managers when interrogated 

at different levels. For example, the O/E summary index enables comparison among sites in an 

assessment area, while the predicted probabilities of individual taxa can be used to identify 

management targets or aid diagnosis of key stressors through post hoc analyses (Norris & 

Hawkins 2000; Kennard et al. 2006a).   

Despite the popularity of the O/E index, it has some perceived drawbacks when implemented 

using the standard RIVPACS approach and many of its derivatives.  First, a community 

classification approach using discriminant function analysis (DFA) is often used to predict taxa 

occurrence probabilities (E). This can be limiting because of its fairly strict statistical 

assumptions, lack of flexibility in fitting data (e.g. using linear functions as opposed to more 

flexible machine learning approaches), and supposition that discrete assemblages rather than 

individual taxa are shaped by environmental gradients (Olden et al. 2006). Second, O/E indices 

usually only consider prevalent taxa such as those predicted to occur above a 50% probability 

of occurrence threshold (e.g. Smith et al. 1999; Hawkins et al. 2000; Poquet et al. 2009). This 

is done to increase the precision of the O/E predictions (Poos & Jackson, 2012), but at the 

potential cost of omitting rare taxa which may be responsive to subtle levels of disturbance 

(Cao et al. 2001). This practice may also lead to low numbers of expected species in some 

situations (Chapter 4) and imprecise estimates of ecological condition if the indicator group 

has few taxa (Smith et al. 1999). Third, the O/E index can be insensitive to changes in 
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assemblage composition that do not affect taxa richness (Chessman et al. 1999; Van Sickle, 

2008). Finally, O/E is concerned only with predictions of species presence and omits 

potentially useful information regarding predicted absences. 

These latter points are particularly relevant to fish assemblages, which are rapidly undergoing 

homogenisation at a global scale owing to the invasion of alien species coupled with the decline 

of locally native species (Olden et al. 2008). The early stage of homogenization involves 

species addition, and O/E which considers only loss of predicted taxa, is unable to detect this. 

O/E would be able to detect the local extinction of ‘expected’ native species during the later 

stages of homogenisation (albeit, potentially only those predicted to occur above a specified 

probability threshold, often 0.5), but this would render the index an ineffective early warning 

indicator. Alternative indices that incorporate alien fish (e.g. sample proportion abundance of 

alien species) are responsive and reliable indicators of anthropogenic disturbance to streams 

(Kennard et al. 2005) but are also unable to directly reflect the degree of faunal homogenization 

by accounting for both species losses and gains. 

Two recent advances in stream bioassessment can address these drawbacks and increase the 

sensitivity of multivariate indices to detect stream impairment using fish indictors. First, the 

use of alternative modelling strategies that do not use a classification step, such as multi-species 

response models and single species ensemble models, can address the statistical limitations of 

the traditional DFA approach and increase model accuracy (Chapter 4). Second, use of the BC 

biotic index, an adaptation of Bray-Curtis distance (Van Sickle, 2008) has been shown to 

increase stressor detection sensitivity compared with the O/E index for a range of indicator taxa 

(Van Sickle, 2008, Walsh et al. 2010, but see Jyväsjärvi et al. 2011). BC is sensitive to apparent 

impairment signals from taxa with low prediction probabilities (Van Sickle, 2008), and 

therefore may be responsive to mild levels of disturbance. It can also detect increases in the 

prevalence of tolerant native species and the addition of translocated or alien species that may 

be both an indicator of anthropogenic stress and a cause of declining native fish populations. 

Even though the BC index offers apparent advantages over the O/E index (Van Sickle, 2008), 

it has received little attention for fish indicators. In the present study, we tested whether a BC 

index that incorporated alien and translocated fish species is more sensitive to detecting 

anthropogenic disturbances than indices of taxonomic completeness (O/E50). We also tested 

two other indices currently used in the Ecosystem Health Monitoring Program (EHMP) in 

South-east Queensland, Australia, namely the percentage of native species expected (Kennard 

et al. 2006b) herein termed ‘PONSE’ and the proportion of alien species (Kennard et al. 2005) 
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herein termed ‘PropAlien’. A secondary aim was to assess how these indices responded to 

different types of anthropogenic disturbance. 

5.3 Methods  

5.3.1 Study area and fish sampling methods 

The study area includes streams in sub-tropical eastern Australia extending from the Mary 

River south to the Clarence River and encompassing the EHMP assessment area (Figure 5-1). 

It occurs within the eastern biogeographic province based on freshwater fish distribution 

(Unmack, 2001), and represents a transitional zone for tropical and temperate species (Pusey 

et al. 2004).  The climate ranges from cool-temperate near the Great Dividing Range on the 

western margin to sub-tropical along the eastern coastal margin. Rainfall and stream flows are 

generally highest during summer and autumn, although many of the streams exhibit highly 

variable flow, both seasonally and inter-annually (Kennard et al. 2010).  

Fish assemblages were sampled at 128 ‘least disturbed’ reference sites distributed widely 

throughout the study area (see Chapter 3) in the post-wet season (autumn/winter) of 2013. Sites 

were sampled using a standardised single-pass electrofishing protocol (EHMP 2008), which 

yields reliable estimates of species presence-absence. On average (± S.E), sites were 

electrofished for 1087 ± 16 seconds of power-on time and over a site length of 98 ±2m.  
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Figure 5-1 Location of reference sites and EHMP test sites, major streams and river basins. 

Note that the external validation dataset is represented by reference sites in the SEQ section of 

the study area. The river disturbance index (RDI – see Stein et al. 2002 for details of its 

derivation) provides context for the ‘least disturbed’ reference sites and spatial distribution of 

human pressures in the study area; low RDI values indicate low levels of human pressures in 

the upstream catchment.  
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5.3.2 Reference condition ensemble model construction and validation 

We constructed ensemble models (Thuiller et al. 2009) for each of 23 native fish species  from 

the reference site dataset previously described (Figure 5-1) using the methods and GIS-based 

predictor variables outlined in Chapter 4 (see Appendix F for a description of the predictor 

variables used). Ensemble models combine projections of different model algorithms and 

initial conditions to provide more robust predictions than from a single model algorithm. 

Ensemble models were used instead of alternative modelling approaches as they were 

demonstrated to have the highest predictive performance in our study area (Chapter 4). Briefly, 

ensemble model predictions were calculated for each species using the arithmetic mean of 

prediction probabilities of the best performing of 50 5-fold cross-validated candidate models, 

with models being retained on the basis of a high true-skill statistic (TSS – see Allouche, 2006). 

Candidate models were generated using 5 modelling algorithms (general linear models, 

boosted regression trees, multivariate adaptive regression splines, artificial neural networks and 

random forest) and 10 modelling runs. Each modelling run is based on different initial 

conditions generated from a randomised 80-20% data split for model training and testing, 

respectively. Although the use of a large number of candidate models could be perceived as 

complex, this effort is typical of ecological studies using ensemble approaches (e.g.  Capinha 

& Anastácio, 2011; Bouska et al. 2015). For further details of the ensemble modelling 

procedure using the BIOMOD package refer to Thuiller et al. (2009). There were two key 

differences between the models derived for this study and those in Chapter 4. First, all 128 

reference sites were used to construct the models (with 5-fold cross validation to verify model 

accuracy), as opposed to constructing the model using 80% of the data and independently 

validating the model using the remaining 20% of the data. Second, two species that had low 

predictive accuracy for the external validation datasets in Chapter 4 Leiopotherapon unicolor 

and Percalates novemaculeata, were not included in the present study as they would contribute 

statistical noise to the resultant indices, decreasing their precision. Model outputs consisted of 

a map of the predicted occurrence probability for each species and segment of the stream 

network (10,928 stream segments of Strahler order>1, mapped using the spatial framework of 

Stein et al. 2014). 

The accuracy of the ensemble models was assessed using the mean species area under curve of 

the receiving operator characteristics plot (AUC) for each of the selected cross-validated 

ensemble models (‘internal validation’). The internal cross-validated AUC may be perceived 
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as being an over-optimistic estimate of model accuracy, because candidate models were 

initially screened according to the TSS and only the best models were used to derive a final 

ensemble model for each species.  To provide a more robust estimate of model accuracy, 

models were validated using a second dataset consisting of 79 of the 128 reference sites located 

in southeast Queensland, collected using the same methods, but in a different season 

(spring/summer of 2012; ‘external validation’ dataset).  

5.3.3 Test site dataset and anthropogenic disturbance variables used in analyses 

Fish presence-absence and environmental data from 112 EHMP test sites (Figure 5-1) collected 

in autumn 2011 were used to assess the response of each index to a gradient of anthropogenic 

disturbances. This dataset included sites covering a wide range of environmental conditions, 

sites on near-pristine streams within National Parks, to heavily modified urban streams (Figure 

5-1). Fish data were collected using the same standardised single-pass electrofishing protocol 

(EHMP 2008) and in the same season as was used to construct the ensemble models.  At each 

site a set of water quality disturbance variables were measured.  Electrical conductivity (EC) 

and pH were measured using portable meters; dissolved oxygen (DO) and temperature were 

logged over a 24hr period; and water samples were collected and analysed for nitrate/nitrite 

(NOx), total Kjeldahl nitrogen (TN), ammonia (NH3), total phosphorus (TP), filtered reactive 

phosphorus (FRP) and dissolved organic carbon (DOC). Estimates of benthic metabolism, 

gross primary production (GPP) and respiration (R24) were also derived at each site using the 

method described in Fellows et al. (2006). Test sites were linked to a set of GIS-based land use 

disturbance variables available at two scales, the stream segment and associated sub-catchment, 

and entire upstream catchment, as well as a set of variables describing water infrastructure 

development (Table 5-1; Geoscience Australia, 2011).  
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Table 5-1 Description of variables used to define an anthropogenic gradient for testing the 

performance of biotic indices and data transformations applied for the MLR analyses. 

Anthropogenic variable Code Units Transformation 

Water quality 
   

Total phosphorus TP mg.L-1 Log(x) 

Filterable reactive phosphorus FRP mg.L-1 Square-root 

Nitrate/nitrite NOx mg.L-1 4th-root 

Ammonia NH3 mg.L-1 4th-root 

Dissolved organic carbon DOC mg.L-1 Log 

pH pH  -  Square 

Electrical conductivity Cond µs.cm-1 Log 

Maximum temperature TempMax ° Celsius  -  

Temperature range TempRange ° Celsius Log 

Minimum dissolved oxygen DOmin % saturation Square 

Dissolved oxygen range DORange % saturation Log 

Benthic metabolism 
   

Benthic respiration R24 g.C.m-2.day-1 Log 

Benthic gross primary production GPP g.C.m-2.day-1 Log 

Land use 
   

Mean population density in the sub-catchment SUBPOPMEA

N 

No.km-2 4th-root 

% sub-catchment modified land (i.e. not 

conservation) 

SUB_MOD %  -  

% catchment modified land (i.e. not conservation) CAT_MOD % Square-root 

% sub-catchment irrigated land SUB_IRR % Square-root 

% catchment irrigated land CAT_IRR % Square-root 

% sub-catchment used for intensive animal 

production 

SUB_INTAN % Square-root 

% catchment used for intensive animal production CAT_INTAN % Square-root 

% sub-catchment used for intensive plant 

production 

SUB_INTPL % Square-root 

% catchment used for intensive plant production CAT_INTPL % Square-root 

% sub-catchment with land uses where 

herbicides/pesticides is likely to be used  

SUB_PEST %  -  

% of catchment with land uses where 

herbicides/pesticides is likely to be used  

CAT_PEST % Square-root 

% sub-catchment used for forestry SUB_FORSTR % Square-root 

% catchment used for forestry CAT_FORSTR % Square-root 

% sub-catchment used for mining SUB_MINING %  -  

% catchment used for mining CAT_MINING % Square-root 

Water infrastructure development 
   

Proportion of sub-catchment that is an artificial 

impoundment 

SUB_ARTIMP % Square-root 

Proportion of catchment that is an artificial 

impoundment 

CAT_ATIMP % 4th-root 

Barrier free flow path length % CONLEN % Square-root 

Artificial barrier presence downstream BARRIERDO

W 

Present (1) 

or absent (0) 

 -  

Artificial barrier presence upstream BARRIERUP Present (1) 

or absent (0) 

 -  
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5.3.4 Biotic indices tested 

Three assemblage level biotic indices were calculated from the ensemble model outputs. The 

first was the taxonomic completeness index derived from the ensemble model predictions 

(herein termed ‘OEENS’), calculated as the ratio of the sum of observed species (O) which were 

predicted by the model with a probability >50% to the sum of the expected species (E), 

occurrence probabilities >50%. The second was the BC dissimilarity index (‘BC’; Van Sickle, 

2008), which is calculated as BC=∑ |O-P|/(O+P) where O is the observed value for a taxon (0 

or 1 for presence-absence data) and P is the predicted probability of occurrence for that taxon, 

ranging from 0 to 1. The third index, ‘BCA’, was a version of BC that additionally included the 

presence of alien and translocated native species captured at a test site in the O component of 

the index, while P was again derived from the 23 modelled species. Density plots of index 

values for the reference sites and EHMP test sites were used to verify that the distribution of 

values differed between two datasets, and hence allowed an initial appraisal of the potential 

utility of these indices for stream bioassessment. We assessed the accuracy and precision of 

the indices for the internal and external validation datasets, using standard RIVPACS-type 

evaluation metrics (e.g. Kennard et al. 2006a). These were the mean and standard deviation of 

the O/E and BC values and the regression fit of O against E (Pearson R2, slope, intercept). We 

also assessed index sensitivity (i.e. the ability of indices to detect non-reference conditions) by 

calculating the percentage of EHMP test sites that lay outside the distribution of reference sites 

(following the approach of Van Sickle 2008).  For the OEENS index, we defined equivalence to 

reference condition as O/E values lying between the 10th and 90th percentile of reference site 

values. To enable comparison of O/E and BC index sensitivities, we defined values <80th 

percentile as being equivalent to reference condition for the BC index because this is a one-

tailed test, whereas the O/E index is a two-tailed test (Van Sickle, 2008).  

Three other indices currently used in the fish indicator component of EHMP (EHMP, 2008) 

were also tested against the disturbance gradient. These indices were: the O/E50 index from the 

RIVPACS-type model constructed by Kennard et al (2006a) using DFA (herein termed 

‘OEDFA’); the percentage of native species expected index (Kennard et al. 2006b) herein termed 

‘PONSE’; and the proportion abundance of alien species index (Kennard et al. 2005) herein 

termed ‘PropAlien’. To compare the sensitivity of the OEDFA index to the indices derived from 

the ensemble models, we used the 10th and 90th percentiles of reference site O/E values 

reported in Kennard et al. (2006a). The key difference between O/E indices and the PONSE 
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index is that the latter does not take into account species identities; rather, it is the observed 

native species richness at a test site relative to the richness expected at environmentally similar 

reference sites.  

5.3.5 Analysis of index correlation with anthropogenic disturbances 

The response of each biotic index to gradients of stream disturbances was assessed in two ways: 

first with bivariate correlations between index and disturbance variables, and second, through 

multiple linear regression (MLR) analyses in R (version 2.14.1, Foundation for Statistical 

Computing: Vienna, Austria).  Initially, predictor (anthropogenic descriptors in Table 5-1) and 

response (biotic index) variables were checked for normality using normal probability plots 

and transformed as necessary. Predictor variables were assessed for multicolinearity via a 

pairwise correlation matrix; we considered highly correlated variables as those with |Pearson 

r|>0.8. For highly correlated variable pairs, we decided which variable to omit on the basis of 

which one we believed would have a more direct influence on fish assemblages. We examined 

bivariate Spearman rank correlations to determine whether simple relationships existed 

between biotic indices and disturbance variables and whether the direction of such relationships 

conformed to our expectations for each index. The BCA, BC and PropAlien indices were 

expected to increase with increasing levels of disturbance, while OEENS, OEDFA and PONSE 

were expected to decrease with increasing disturbance. To assess the collective effects of 

multiple anthropogenic disturbances, we used stepwise MLR (forward and backward) with 

Akaike’s information criterion to select a final parsimonious model for each biotic index. We 

evaluated the ability of each index to detect a multivariate gradient of anthropogenic 

disturbances by the adjusted R2. This measure accounts for the inflation of R2 with increasing 

numbers of predictor variables used. We assessed the relative importance of selected variables 

for each biotic index using the partial R2 calculated by using the lmg method in the 'relaimpo' 

package in R (Grömping, 2006). Plots of residuals and Cook’s distance were also examined to 

confirm that the assumptions of MLR were not violated.   

5.4 Results 

5.4.1 Ensemble model 

The ensemble model exhibited high predictive success with a mean species AUC of 0.88 

ranging from 0.73 (Trachystoma petardi) to 1.00 (Rhadinocentrus ornatus) for the external 

validation dataset, and a mean cross-validated AUC of 0.94 for the internal model validation 

(Table 5-2).The OEENS model exhibited  very high internal accuracy (x̄ OEENS=1.07), precision 

(SD OEENS=0.12) and regression fit for O against E (R2=0.96, slope=1.10, intercept=-0.17, 
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n=128). The external validation of the OEENS model using the spring/summer dataset also 

produced a high accuracy (x̄ OEENS=0.91), precision (SD OEENS=0.18) and regression fit 

(R2=0.80, slope=0.94, intercept=-0.17, n=79). The bandwidth was narrow for the OEENS model, 

being 0.26. This equated to test sites with OEENS values between 0.93 and 1.19 being rated as 

equivalent to reference conditions. The BC and BCA indices both had a mean of 0.15 and SD 

of 0.09; and a mean of 0.26 and SD of 0.11, for the internal and external validation datasets, 

respectively. For these indices, BC dissimilarity values <0.20 were considered as being 

equivalent to reference condition (i.e. <80th percentile). 

Table 5-2 The area under curve statistics (AUC) for internal and external datasets applied to 

each single species ensemble model, and the number of candidate models used to generate each 

ensemble model. 

Species 

Prevalence in 

training dataset 

(n=128) 

Mean 5-fold 

cross-validated 

AUC (n=128) 

External 

AUC 

(n=79) 

Number of 

models used in 

ensemble 

Ambassis agassizii 8% 0.94 0.81 18 

Anguilla australis 13% 0.91 0.86 3 

Anguilla reinhardtii 95% 0.95 0.86 9 

Craterocephalus marjorie 12% 0.98 0.93 8 

Craterocephalus 

stercusmuscarum 5% 0.95 0.98 22 

Galaxias olidus 5% 0.95 0.99 35 

Gobiomorphus australis 45% 0.96 0.96 39 

Gobiomorphus coxii 28% 0.92 0.95 3 

Hypseleotris compressa 36% 0.95 0.96 35 

Hypseleotris galii 57% 0.88 0.73 7 

Hypseleotris klunzingeri 18% 0.94 0.80 6 

Melanotaenia duboulayi 63% 0.98 0.72 3 

Mogurnda adspersa 11% 0.97 0.97 15 

Mugil cephalus 8% 0.96 0.96 16 

Notesthes robusta 9% 0.93 0.81 22 

Ophisternon sp. 2% 0.96 0.92 18 

Philypnodon grandiceps 23% 0.89 0.84 6 

Philypnodon macrostomus 16% 0.87 0.93 7 

Pseudomugil signifer 12% 0.97 1.00 9 

Retropinna semoni 64% 0.94 0.85 18 

Rhadinocentrus ornatus 19% 0.97 1.00 19 

Tandanus tandanus 54% 0.91 0.77 3 

Trachystoma petardi 5% 0.93 0.73 24 

Mean  0.94 0.88 15 
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5.4.2 Index sensitivity to detecting non-reference conditions 

The proportion of the EHMP test sites being rated as different to reference conditions were 

94%, 90% and 76% for BCA, BC and OEENS respectively. Using the bandwidth reported in 

Kennard et al. (2006a) of 0.59, the OEDFA model rated 56% of EHMP test sites as being 

different reference condition For each index derived with the ensemble models, the distribution 

of EHMP test and reference sites clearly differed, confirming their potential as useful stream 

bioassessment indices (Figure 5-2). 

  

Figure 5-2 Density plots showing the distribution of internal reference, external reference, and 

EHMP test site values for the OEENS, BC and BCA indices.   
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5.4.3 Bivariate relationships between indices and anthropogenic variables 

The PropAlien and BCA indices had the greatest number of significant bivariate correlations 

with anthropogenic disturbances, whereas the two O/E50 indices (OEENS and OEDFA) had the 

fewest (Table 5-3). Both BC indices were strongly correlated with water quality (pH, EC, 

temperature range and DO range), percentage catchment modification, and anthropogenic 

barriers located downstream of test sites.  The OEENS index responded to a similar suite of 

disturbance variables as the BC indices, but with fewer strong responses for the water quality 

variables (Table 5-3). The OEDFA was only highly correlated with one variable, NH3. PONSE 

had strong associations with catchment urbanisation and downstream barriers. PropAlien was 

strongly related to water quality variables (DOC, NH3 and minimum DO), most of the 

catchment land use disturbances, and anthropogenic barriers, although not always in the 

direction that was anticipated. 

For the indices derived from the ensemble models (BCA, BC and OEENS), the direction of 

significant correlations with disturbance variables was always as anticipated. The PONSE and 

PropAlien indices had six and three instances where the direction of the response differed from 

expectations, respectively (Table 5-3). For example, increases in PONSE were significantly 

correlated with increases in several land use disturbances, and increasing NH3. Increases in 

PropAlien were significantly associated with increased stream connectivity and absence of 

barriers, as well as decreased GPP (Table 5-3).  

5.4.4 Collective effects of anthropogenic disturbance 

All of the indices tested exhibited a strong and highly significant association with the 

multivariate anthropogenic disturbance gradient (p-values of all MLR models<0.001), with the 

greatest amount of variation explained by the BCA index (65%), followed by BC (62%) and 

PropAlien (54%) indices (Table 5-4; also see Appendices G and H for further details). The 

least variation was explained by the OEENS, OEDFA and PONSE indices, with the adjusted R2 

for the OEENS model being greater than that of the OEDFA. The ability of each index to detect 

different types of disturbance varied among most indices, although the two BC indices 

produced largely similar responses to disturbances, and were strongly correlated with one 

another (Spearman R2=0.93).  MLR using indices derived from the ensemble model (BC, BCA 

and OEENS) chiefly selected variables related to water quality, land use and stream connectivity. 

The OEDFA index was best explained by land use variables. The most important variables 

contributing to the PONSE MLR were related to water quality (e.g. FRP and EC) and land use, 

although this index has the lowest adjusted R2. The population density of the sub-catchment, 
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as well as water quality variables, DOC and NH3 and minimum DO were the most important 

variables for the PropAlien index.  

Table 5-3 Significant bivariate Spearman rank correlations coefficients between indices and 

anthropogenic variables at α=0.05 (n=112). Bold text indicates a highly significant correlation 

(at α=0.001); underlined values indicate where the direction of the response to a disturbance 

variable differed from that anticipated for that index. Note that lower BC, BCA and PropAlien 

scores indicate lower levels of impairment. 

Disturbance variable BC BCA OEENS OEDFA PONSE PropAlien 

Water quality       

TP      0.25 

FRP 0.23 0.26   -0.27  

NOx      0.28 

NH3  0.27  -0.32 0.20 

 

0.51 

DOC  0.30  -0.30  0.42 

PH 0.39 0.33 -0.33  -0.28  

Cond 0.54 0.58 -0.39 -0.20 -0.25 0.22 

TempMax  0.23    0.26 

TempRange 0.33 0.31 -0.26  -0.29  

Domin  -0.25  0.20  -0.33 

DORange 0.42 0.41 -0.27    

Benthic metabolism       

R24 0.26 0.26     

GPP    0.21  -0.25 

Land Use      

SUBPOPMEAN     0.42 0.51 

SUB_MOD 0.29 0.31 -0.21  -0.22  

CAT_MOD 0.44 0.47 -0.32 -0.26  0.20 

CAT_IRR      0.26 

CAT_INTPL     0.20 0.31 

SUB_PEST     0.28 0.41 

CAT_PEST  0.28   0.25 0.38 

CAT_FORSTR 0.27 0.22     

SUB_MINING      0.30 

CAT_MINING     0.20 0.45 

Water infrastructure 

development      

SUB_ARTIMP      0.26 

CAT_ATIMP     0.30 0.45 

CONLEN -0.37 -0.27 0.28  0.30 0.27 

BARRIERDOW 0.41 0.31 -0.31  -0.36 -0.27 

Number of significant 

correlations 11 16 8 6 13 20 
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Table 5-4 The multiple and adjusted variance explained by the selected model for each biotic 

index (%), and the approximate contribution of variance explained by key disturbance gradient 

categories (%). See Appendix G for the contribution of variance explained for each individual 

disturbance variable. 

Disturbance category BC BCA OEENS OEDFA PONSE PropAlien 

Water quality 40 43 32 17 19 23 

Benthic metabolism 5 6 0 0 0 0 

Land use 11 10 10 25 13 34 

Artificial barriers 11 10 10 3 7 4 

Multiple R2 67 69 51 45 40 61 

Adjusted R2 62 65 44 35 34 54 

 

5.5 Discussion 

5.5.1 Performance of BC index compared with O/E50 

Overall, in this study the BC index outperformed the more traditional O/E50 index. The BC 

index that included alien and translocated species in the observed component was 20% more 

responsive to a gradient of human disturbances compared with the O/E50 index derived from 

the same underlying predictive model, and had twice the number of significant bivariate 

correlations with disturbance variables. This result supports the findings of similar studies 

demonstrating the improvements in stressor detection using BC compared with the widely used 

O/E50 index for macroinvertebrate communities (Van Sickle, 2008; Walsh et al. 2010). There 

are several potential reasons why the BC index exhibited greater detection of anthropogenic 

disturbances than the O/E50 index. First, BC inherently includes low prevalence species, some 

of which may be more sensitive to anthropogenic disturbances than more widespread species 

(Cao et al. 2001). Van Sickle (2008) questioned the strength and reliability of low probability 

taxa, given that they are often unpredictable, and do not necessarily give strong group responses 

to anthropogenic stressors. Our study somewhat circumvented this issue by excluding species 

that are difficult to accurately model, such as those not strongly governed by niche-related 

processes. Second, BC utilises predictions of species absences and consequently incorporates 

species gains as an indicator of stress. Therefore, tolerant native species that have functional 

traits favouring degraded conditions contribute to the signal of impairment (Kennard et al. 

2006a). The increased performance of BC over O/E may be attributed to the inclusion of 

species gains as outlined in a study of lacustrine macrophyte community responses to human 

disturbances (Kanninen et al. 2013). Third, the addition of alien species is not considered in 

typical O/E approaches. Their presence represents departure from pre-impact conditions and 

possible progression towards biotic homogenisation, and depending on the invading species, 
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may be both an important indicator of ecosystem stress (e.g. Kennard et al. 2005) as well as 

contributing to the decline of native species (Harris, 2013).  In the present study, the 

incorporation of alien and translocated species into the BC index allowed detection of 5 

additional stressors (using significant bivariate correlations) compared with the standard BC 

index, although improvement to the total variance explained in the MLR analyses was marginal 

(3% increase).  

Because BC is derived from the same underlying model as the O/E50 index, the details of 

species expected but not observed can be extracted from the model outputs. Moreover, taxa 

that are contributing to the assemblage shift from reference condition in terms of both species 

losses and gains can be identified and used to derive ecological targets (e.g. Simpson and 

Norris, 2000) or post hoc diagnosis of stressors (e.g. Davies et al. 2000). Van Sickle (2008) 

suggested a simple method for determining which taxa are driving assemblage shifts, that is, 

by sorting taxa lists by the absolute value of the observed value less the prediction probability. 

5.5.2 Index sensitivity 

The incorporation of alien and translocated species into the BC index increased its sensitivity 

by 4%, highlighting the value of this approach. Indices derived from the ensemble model had 

20-38% greater sensitivity than the OEDFA index currently used in the fish indicator of the 

EHMP. This is likely because the ensemble model produced very accurate predictions using 

the internal dataset, and consequently had a narrow bandwidth for O/E values (0.26) compared 

with the OEDFA model (Kennard 2006a; bandwidth of 0.59).  However, we cannot directly 

attribute this increase in sensitivity to the modelling strategy used, because a different set of 

reference sites were used to generate each predictive model. 

The O/E50 index is geared towards detection of gross changes in assemblage composition, that 

is, the loss of common species. In one respect, this is a useful feature which may decrease the 

chance of committing type 2 errors (designating an unimpacted site as impaired). However, 

ideally, biotic indices are able to detect subtle impacts to provide effective ‘early warning’ 

signals and therefore allow stream managers to respond quickly to emerging threats (Boulton, 

1999). The attributes of the BCA index previously mentioned may complement the O/E50 index 

in this regard, although, further work is required to quantify the ability of the BC index to 

balance type 1 and type 2 errors.  
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5.5.3 Index responses to anthropogenic disturbances 

Usually, several indices are incorporated into stream bioassessment programs because different 

indices are often responsive to a different suite of disturbances (e.g. Bunn et al. 2010). 

Conversely, some indices may warrant exclusion if they are providing redundant information. 

The two BC indices based on the ensemble models detected broadly similar disturbances, 

exhibiting strong relationships with water quality variables, and to a lesser extent surrounding 

land use and barriers to fish movement. These were also the only indices to have a significant 

relationship with benthic metabolism in the correct direction. The BC indices clearly 

overlapped in the information they provided and BCA, which was responsive to a greater 

number of disturbances, would be the better choice for inclusion into a bioassessment program. 

The two O/E50 indices differed in the types of disturbance being detected, with the ensemble 

model-based index having stronger associations with water quality and artificial barriers, while 

the DFA model index had stronger associations with land use factors. Again, differences cannot 

be directly attributed to the modelling method because a different suite of reference sites was 

used to construct each model. The proportional abundance of alien fish was very strongly 

related to catchment urbanisation, and reduced water quality, which concurs with the findings 

of other studies (Kennard et al. 2005; Kopp et al. 2009; Sheldon et al. 2012). While BCA 

incorporates alien species richness, its response to anthropogenic stressors clearly differed to 

the PropAlien index, which instead uses species abundance. Consequently, these indices 

exhibited minimal redundancy (Spearman R2=0.11) and BCA should not be considered as a 

replacement for the PropAlien index. 

The overall amount of variation explained for the three EHMP indices in the present study was 

markedly lower than that reported in Bunn et al. (2010), where the response of these indices to 

disturbances was also assessed using generalised linear models. In that study, a large amount 

of additional variance was explained with disturbance categories relating to riparian condition, 

channel condition and in-stream habitat. A similar response was found for the influence of 

land-use on the EHMP aggregated Fish Indicator (average of the three indices) where the 

highest variation in the aggregated fish indicator was explained by land-use close to the survey 

site, suggesting a strong influence of riparian cover and in-stream habitat condition (Sheldon 

et al. 2012). While catchment scale variables that relate closely to local habitat conditions were 

included, detailed information on in-stream habitat condition at all survey sites was not 

available for the EHMP sites used in our study.  
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The present study identified not only which index was responding to which anthropogenic 

disturbances, but whether the response was in the correct direction. Indices using the ensemble 

models, OEENS, BCA and BC always responded in the anticipated direction to significant 

disturbance variable correlates. In a study assessing macroinvertebrate indices, Walsh et al. 

(2010) also reported that the direction of index response was more frequently correct for BC 

than other indices tested, including the O/E index. Responses of PONSE and PropAlien did not 

conform to our expectations for all of the anthropogenic disturbance variables.  For example, 

PONSE increased with increasing NH3, as well as several land use pressures. This is potentially 

due to the addition of ‘unexpected’ native species at sites with intermediate levels of 

disturbance (e.g. mild nutrient enrichment); mild levels of disturbance are often associated with 

increases in species richness and PONSE is based on species richness (eg. intermediate 

disturbance hypothesis: Connell, 1978). A similar explanation is often attributed to O/E index 

scores >>1 (‘band X’; more observed than expected species) for macroinvertebrate 

assemblages (e.g. Barmuta et al. 2002). BC inherently corrects for this, because the addition of 

unexpected species leads to decreased assemblage similarity to reference conditions. The 

PropAlien index was higher for sites with fewer anthropogenic barriers to fish passage and 

greater stream connectivity, although it did also increase with increasing catchment area 

occupied by artificial impoundments.  In this instance the effect of barriers is positive for native 

fish assemblages, as they reduce dispersal and potential invasion of alien species at new sites. 

5.5.4 Further work  

Our study demonstrates the utility of the BC index for freshwater fish indicators in stream 

bioassessment; however, our findings are specific to the taxa and range of disturbances 

encountered in our study area and as such further testing in different regions would be 

beneficial. Also, increased sensitivity to stressor detection may come at the cost of inflation of 

type 2 errors and this requires further consideration. Dos Santos et al. (2011) outline a method 

to assess type 1 and type 2 error rates for stream bioassessment indices at different a priori 

defined levels of stream impairment using receiver operating characteristic plots. Further 

testing of the BC index in this regard would be a useful next step, particularly if this index is 

to be used to assess site compliance.  

The ‘early warning’ capacity of the BC index could be improved by incorporating fish species 

abundance data, although accurate modelling of abundances may be difficult (e.g. Kennard et 

al. 2007). Nonetheless, Walsh et al. (2010) successfully incorporated a quantitative element 

into the BC index using macroinvertebrates for the Sustainable Rivers Audit Program, in this 
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case, using a count of species presences in two sample replicates (i.e. 0, 1 or 2). Finally, we 

only considered translocated species as those that did not naturally occur within our study area. 

The inclusion of locally translocated species (i.e. transferred among basins within a study area) 

in the observed component of the BC index would also indicate a shift away from the reference 

state. This may require a drainage basin filter (which excludes species that do not historically 

occur within a basin) to be applied after model predictions are generated, so that observed 

translocated species contribute to the dissimilarity between test and reference sites. 

5.6 Conclusions 

The BCA index, which incorporates alien and translocated fish species in the observed 

component, exhibited a marked improvement in sensitivity and stressor detection compared 

with the O/E50 index for fish assemblages.  Given that the generation of this index requires no 

further information than already provided by traditional multivariate predictive models (e.g. 

RIVPACS), we recommend its inclusion in bioassessment programs that use multivariate fish-

based indices. 
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6.1 Abstract 

Species distribution models (SDMs) have been widely advocated as a tool for species 

conservation, including detecting populations of rare and declining species, mapping species 

distribution changes under different scenarios, and directing conservation actions. We 

developed ensemble SDMs to determine the extent of habitat loss of southern pygmy perch 

(Nannoperca australis) in the north central region of the Victorian Murray-Darling Basin and 

to direct field sampling efforts to locate remnant populations. The models indicated that ~ 70% 

of N. australis habitat has become unsuitable since European settlement owing to 

anthropogenic pressures and interaction with alien fish species, particularly brown trout (Salmo 

trutta). The estimate did not account for the ‘Millennium Drought’ (~1997-2009) which 

resulted in many streams completely drying where the models predicted the species was likely 

to occur. Targeted sampling, informed by the ensemble model, detected the species at 11 out 

of 33 sites. The chapter concludes by outlining the next steps for securing the species in the 

region, including protection of existing populations, captive breeding, and translocation to 

areas predicted as suitable habitat by the ensemble SDM. 
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6.2 Introduction 

Climate change, overexploitation, aquatic pollution, altered flow regimes, habitat destruction, 

and invasion by alien species are the major global threats to freshwater biodiversity (Dudgeon 

et al. 2006). Freshwater fish are particularly vulnerable to these threats; of Australia’s 256 

freshwater fish species, 23% are listed as nationally threatened (Humphries & Walker, 2013). 

During drought periods, these threats can intensify and increase local extinction risk and 

population fragmentation for small bodied ‘wetland specialist’ species that occupy isolated 

habitats (e.g. small floodplain wetlands) (Todd et al. 2017). 

One such species, southern pygmy perch (Nannoperca australis Günther 1861), formerly 

widely distributed throughout the southern Murray-Darling Basin (MDB), Australia, has 

suffered widespread decline (Linterman, 2007; Todd et al. 2017). It is now listed as threatened 

in New South Wales and South Australia, and is on the Victorian advisory list of threatened 

vertebrate fauna.  There are likely two cryptic species of southern pygmy perch, eastern and 

western, each being geographically seperated and with local adaptations (Unmack et al. 2011). 

Within the western population there are two evolutionarily significant units, one a lineage from 

the MDB, and the other a coastal drainage basin lineage (Unmack et al. 2013). Like many other 

species of Australian small-bodied fish, the short life-span, poor dispersal ability and 

specialised habitat requirements make southern pygmy perch vulnerable to regional extinctions 

(Todd et al. 2017). Habitat loss and degradation, flow alteration, presence of alien fish species 

and extensive drought (Chiew et al. 2014) have all likely contributed to the reduced current 

range of the species in Victoria (Lintermans, 2007; Tonkin et al. 2008; Pearce, 2014; Todd et 

al. 2017). In particular, between 1997 and 2010 southeastern Australia experienced an 

extensive and prolonged drought – known as the Millenium Drought (Chiew et al. 2014). 

During this period there was an average reduction in runoff of 48% compared to the long term 

mean (Chiew et al. 2014), resulting in critical water shortages across the MDB. However, the 

status of the species since the Millennium Drought throughout a major portion of its range in 

north central Victoria remains largely unknown. 

Species distribution models (SDMs) are correlative models that predict species habitat 

suitability using a combination of existing survey data, geographical and environmental data 

(Elith et al. 2006). SDMs have been promoted as a useful tool for species conservation (Guissan 

& Thuiller, 2005; Chapter 4). In the aquatic sciences, SDMs have been used to determine the 

factors that influence species occurrence (e.g. Kennard et al. 2007), factors that contribute to 

observed range contractions (e.g. Taylor et al. 2018), estimate species range changes under 
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various climate change, under land-use change, alien species incursion scenarios (e.g. Buisson 

et al. 2010; Liang et al. 2012), undertake survey gap analysis to identify areas likely to contain 

remnant populations and identify possible re-introduction sites for rare and threatened species 

(e.g. Rhoden et al. 2017).  

Given the rapid decline in populations of southern pygmy perch in the MDB and their 

vulnerability to a drying climate (Bond et al. 2010; Balcombe et al. 2011), managed 

translocations may be a viable option for ensuring the long-term species persistence. The 

decision to move individuals to a new location  (‘wild to wild’ translocations) requires several 

considerations. These include the effects of species removal on donor populations (Todd et al. 

2017); unitended ecological consequences at recipient locations such as impacts on native 

species and ecosystem functions (Olden et al. 2010);  the current and future threats that will 

determine establishment success at recipient sites including water availability, land-use 

impacts, and the presence and/or abundance of alien species (Olden et al. 2010); and genetic 

considerations including maintainence of evolutionary significant units, levels of inbreeding 

and genetic diversity, and possible hydridisation if congeners are present at recipient sites 

(Lintermans et al. 2015). One way to reduce the potential ‘collateral damage’ to donor 

populations is to have an intermediate step of captive breeding, either in controlled 

environments (e.g. tanks, rearing ponds) or in ‘surrogate habitats’ (also termed natural 

hatcheries) such as high quality farm dams (e.g. Hammer et al. 2013; Lintermans et al. 2015), 

prior to translocating to suitable natural systems.  

The purpose of this study was to use SDMs to identify remaining critical habitat for southern 

pygmy perch and to undertake targeted sampling of these areas to determine the presence and 

abundance of remnant populations. The research has a longer term goal of securing the species 

by protecting remnant habitats and informing captive breeding and translocation of individuals 

to ‘surrogate habitats’ and restored wetlands. Specifically, the study aimed to: (1) identify the 

most important natural and anthropogenic factors influencing the distribution of southern 

pygmy perch; (2) determine the extent of range contraction of southern pygmy perch since 

European settlement and the relative influence of human pressures and alien species 

contributing to this contraction; (3) identify sites likely to hold remnant populations of southern 

pygmy perch through targeted surveys; and, (4) determine the current status of the species in 

north central Victoria. 
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6.3 Methods 

6.3.1 Study area and datasets used 

Fish data from the Murray-Darling Basin Authority Sustainable Rivers Audit (SRA) (Davies 

et al. 2010; MDBA, 2017) were used to model potential remnant southern pygmy perch habitat 

and determine the key drivers of its distribution in northern Victoria. The SRA dataset was 

collected using a standardized sampling protocol: streams were sampled using single pass 

electrofishing (backpack or boat), with 10 un-baited bait traps also deployed concurrently for 

a 2hr period. Floodplain wetlands were not sampled for fish as part of the SRA. Southern 

pygmy perch catch data were transformed to presence-absence for modelling. The dataset 

consisted of 588 sites from the southern MDB spanning the states of Victoria and New South 

Wales (Figure 6-1); sites were sampled one or more times in either spring or autumn, between 

2004 and 2013. While the species is also known from the Mt Lofty Ranges and Lower Lakes 

region of the lower Murray River, and an isolated population in the upper Lachlan catchment 

in NSW, the present dataset represents the core range of the species in the MDB. Southern 

pygmy perch were detected at 42 (7%) sites, with the majority located in the slopes (201-400 

m.a.s.l) and upland zones (401-700 m.a.s.l) (Figure 6-1). 
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Figure 6-1 Presence-absence of southern pygmy perch in Victorian MDB and NSW Upper 

Murray Catchment between 2004 and 2013. Data sourced from the SRA fish dataset (MDBA, 

2017). Also shown is the indicative distribution in the MDB prior to European settlement (grey 

shaded area). 

Candidate predictor variables for models were chosen based on their relevance to the ecology 

of the species and consisted of physiographic, climate and flow variables, anthropogenic 

pressures and alien fish abundance (Table 6-1). Southern pygmy perch are known to occupy 

wetlands and still or slow flowing, streams with abundant aquatic vegetation and fine substrate 

composition (e.g. sand, clay, silt) (Lintermans, 2007; Tonkin et al. 2008; Pearce, 2014). The 

species has poor dispersal capability (Lintermans, 2007; Cole et al. 2016), and therefore 

requires refuge pools in rivers or streams, or permanent wetlands to survive during periods of 

drought (e.g. Crook et al. 2010). From these permanent habitats, it can disperse locally 

following rainfall and stream connectivity. Several alien fish species have been implicated in 

the decline of southern pygmy perch either through direct predation, competition, or habitat 

alteration, particularly the destruction of macrophytes (Lintermans 2007; Pearce, 2014; Price 

et al. 2016). These include redfin perch, brown trout, eastern gambusia and European carp. 

Anthropogenic stressors associated with the loss of southern pygmy perch include altered flow 

regimes and water extraction, riparian and aquatic habitat degradation e.g. through stock access 
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to riparian areas (Lintermans 2007; Tonkin et al. 2008; NSW DPI, 2013; Brauer et al. 2016). 

In the context of this study, proxies for these human pressures are represented through land-

use, flow disturbance and water resource development factors (Table 6-1; see Stein et al. 2014 

for a description and derivation of these variables).  

Table 6-1 Predictor variables selected for modelling 

Modelling element Predictor Code Description 

Position in the stream 

continuum and stream 

permanence (e.g. small, 

low energy streams 

capable of retaining refuge 

pools) 

STRELEMEAN Mean elevation of the stream segment 

CATAREA Upstream catchment area 

STRANNRAIN Stream and environs average annual mean rainfall 

RELIEFRATI Catchment relief ratio 

RUNPERENIA Runoff perenniality 

RUNANNCOFV 

Coefficient of variation of annual totals of 

accumulated soil water surplus 

RUNSUMMERM Summer mean of accumulated soil water surplus 

STR_A_KSAT 

Stream and valley average saturated hydraulic 

conductivity 

Stream substrate and 

potential for macrophyte 

growth (reach and sub-

catchment geology 

properties) 

STR_CLAYA 

Stream and valley average % clay in the soil A 

horizon 

STR_UNCONS Stream and valley percentage unconsolidated rocks 

STR_SILICS 

Stream and valley percentage 

siliciclastic/undifferentiated sedimentary rocks 

STR_SANDA 

Stream and valley average percent sand in the soil 

A horizon 

STR_IGNEOU Stream and valley percentage igneous rocks 

River disturbance 

variables at the stream 

reach and upstream 

catchment scales 

CDI Catchment Disturbance Index 

SF Settlement factor 

IF Infrastructure factor 

BARRIERDOW Presence of man-made barriers downstream of the 

reach. Potentially influences incursion of alien 

species. 

RDI River Disturbance Index. This is an integrated 

measure of overall disturbance including land use, 

water infrastructure development and flow regime 

disturbance. 

Biotic pressures PERFLU Abundance of redfin perch Perca fluviatilis 

SALTRU Abundance of brown trout Salmo trutta 

ONCMYK Abundance of rainbow trout Oncorhynchus mykiss 

GAMHOL Abundance of eastern gambusia Gambusia 

holbrooki 

CYPCAR Abundance of European carp Cyprinus carpio 

  

6.3.2 Modelling procedures 

6.3.2.1 Modelling the abundance of alien species  

Because alien species abundances were used as predictor variables to model the probability of 

southern pygmy perch occurrence, it was necessary to estimate the abundance of alien species 

at all stream segments in the study area so that southern pygmy perch predictions could be 



105 

 

extrapolated to the entire stream network. We used boosted regression trees (BRTs) with a 

Poisson error distribution to predict the abundance of each of the five alien species (Table 6-1) 

believed to impact southern pygmy perch populations, using abundance data from the SRA 

dataset. BRTs use an ensemble of classification and regression tree models fitted as an additive 

regression model in which individual terms are individual trees, fitted in a forward, stagewise 

process (Elith et al. 2008). BRT models perform comparatively well with other machine 

learning algorithms and are advantageous through being able to accommodate non-linear 

responses, interactions among predictors, missing data, and correlated predictor variables, and 

do not require prior data transformations (Elith et al. 2008; Bond et al. 2010). Predictor 

variables used were the same environmental physiographic, climate and flow, anthropogenic 

pressure variables used to model southern pygmy perch presence-absence. Models were 

constructed using the gbm package (Ridgeway 2007) in R version 3.2.3 (R Development Core 

Team, 2018). A learning rate of 0.001 and tree complexity of 5 was selected. Models were 

evaluated using the Pearson regression coefficient on both the naïve data (i.e. training data 

substituted as ‘testing data’) and k-fold cross-validated data. Abundance of each species was 

projected to each stream segment and predicted abundances <1 were assigned a value of 0. 

6.3.2.2 Ensemble modelling of southern pygmy perch 

Ensemble modelling was used to predict southern pygmy perch presence-absence and 

determine possible remnant habitats for targeted surveys. Ensemble models use several 

machine learning and traditional SDM modelling algorithms, combining predictions of the 

most accurate models to provide more robust predictions than that of a single modelling 

approach (Marmion et al. 2009, Chapter 4). Models were constructed following the procedure 

outlined in Chapter 4 using the BIOMOD2 package (Thuiller et al. 2009) in R version 3.2.3 (R 

Development Core Team, 2018). Five types of commonly used algorithms were selected to 

generate a single ensemble model for southern pygmy perch: generalised linear models (GLM), 

random forest (RF), boosted regression trees (GBM), artificial neural networks (ANN) and 

multivariate adaptive regression splines (MARS). Parameter settings used for each model were 

the default in the BIOMOD2 package. Models were trained using 80% of the dataset and k-

fold cross validated (k = 5) using the remaining 20%. This process was repeated 10 times for 

each modelling algorithm, using a randomised 80/20% allocation of sites each time, resulting 

in 50 candidate models for ensemble modelling. Only cross-validated models were retained for 

the ensemble model, that is, the full model was not considered. The true skill statistic (TSS) 

was used as the criterion for model retention. TSS equals the sensitivity + specificity– 1 
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(Allouche et al. 2006). Models were retained if the TSS>0.7. The retained models were 

combined into a single ensemble model by calculating the arithmetic mean of prediction 

probabilities. This method was chosen as it has been shown to provide more robust predictions 

than single models and most other consensus techniques (Marmion et al. 2009). 

Model performance was assessed using the area under curve of the receiver operating 

characteristics plot (AUC) statistic for the naïve data (i.e. training data substituted as ‘testing 

data’) and for cross-validated model predictions, the average AUC was calculated for retained 

models.  AUC values >0.9 indicate excellent discrimination, >0.7 indicate acceptable model 

discrimination, and AUC values of 0.5 are indicate of a model that discriminates species 

presence and absence no better than random.  

The importance of variables in each of the retained models was assessed using a permutation 

approach (see Thuiller et al. 2009 for details).  To determine the overall importance of variables 

in the final ensemble model, the rank importance of variables for each retained model was 

averaged. 

6.3.2.3 Model extrapolation 

Three scenarios were explored for southern pygmy perch predictions using the final ensemble 

model, mapped to the stream network. The first scenario was ‘present-day’ and used all 

environmental variables including extrapolated alien species abundance estimates. The second 

scenario excluded alien species (i.e. the abundance of each alien species was set to zero for all 

stream segments) in order to determine the relative effects of alien species and land-use 

pressures on southern pygmy perch distributional change since European settlement. The third 

scenario aimed to reconstruct historical/natural distributions by setting both alien species 

abundances and anthropogenic pressure variables to zero. This enabled total range contraction 

of the species over the past ~200 years to be estimated. The second and third scenarios allow 

sites to be identified that may be managed to support southern pygmy perch re-introductions 

in the future, following stream rehabilitation and/or control or reduced stocking rates of certain 

alien species. 

6.3.2.4 Site selection and targeted fish surveys 

Using the SDMTools package in R, we selected an optimum probability threshold of 0.65 based 

on the maximum Kappa statistic to discriminate presence and absence of southern pygmy 

perch. Threshold selection is usually a trade-off between model sensitivity and specificity. In 

‘population discovery’ model applications, a sensitive model is required at the possible expense 
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of commission errors (Chapter 4). In our case, the cost of not discovering a new pygmy perch 

population is much higher than finding sites with none. At a 0.65 threshold, the model had 

perfect sensitivity (1.00) and retained a very high specificity (0.994), therefore, we considered 

the 0.65 threshold as suitable for our model purpose.  

Stream segments with predicted probabilities of pygmy perch occurrence greater than 0.65 

were then used to inform selection of sites that may contain remnant southern pygmy perch 

populations. Aerial photography from austral summer 2016 was used to refine site selection to 

those that were likely to contain remnant pools over summer.  This information, combined with 

historical records of the species from the Victorian Biodiversity Atlas (DELWP, 2017), 

findings from a recent environmental DNA fish survey of the Campaspe River (Griffiths et al. 

2018), as well as anecdotal reports, were used to select sites for sampling. A final list of 40 

sites was selected for targeted fish surveys. 

Fish surveys targeting southern pygmy perch were undertaken in autumn and winter 2018. 

Several of the target sites were dry, resulting in only 33 sites being sampled. At each site, 8-10 

un-baited box traps and 1-2 fyke nets (depending on the size and depth of remnant pools) were 

set overnight for a 12-14-hour soak time. Following retrieval of nets, all fish were identified to 

species level, enumerated and returned to the waterway. At sites where pygmy perch were 

captured, fin clips were taken from up to five individuals and preserved in 100% ethanol for 

later genetic analysis. Sample abundance of southern pygmy perch from the fish surveys was 

then mapped across north central Victoria.   

6.4 Results 

6.4.1 Model results 

6.4.1.1 Alien species abundance models 

The BRT models for each alien species generally exhibited good prediction of the training 

data (average naïve Pearson R = 0.79 ± 0.11 SD) and reasonable model generality (average 

cross-validated Pearson R = 0.48 ± 0.16 SD). The best performing models (assessed by cross-

validated Pearson R) were brown trout, rainbow trout and European carp, whereas predictions 

for redfin perch and eastern gambusia were less reliable (Table 6-2). 
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Table 6-2 Evaluation of alien species abundance models  

Species Naïve model 

Pearson R  

Cross-validated model Pearson 

R (Standard error) 

European carp 0.64 0.54 (0.06) 

Eastern gambusia 0.89 0.26 (0.05) 

Redfin perch 0.72 0.37 (0.11) 

Brown trout 0.88 0.57 (0.04) 

Rainbow trout 0.84 0.64 (0.03) 

Average 0.79 0.48 

 

6.4.2 Ensemble model predictions of present-day pygmy perch distributions 

The ensemble model exhibited near perfect prediction accuracy using the training data (AUC 

= 0.997) and generalised well (average cross-validated AUC of retained models = 0.831). 

Modelled current distributions of pygmy perch tended to be in upland stream segments with 

low stream slope (Figure 6-2a). These included tributaries of the McIvor, Wild Duck, Jews 

Harp, and Piper’s Creeks and tributaries of the mid-Coliban River in the Campaspe catchment, 

tributaries of Bet Bet and Creswick Creeks in the Loddon catchment, and the upper Avoca 

River, Mountain Creek, and Cherry Tree Creek in the Avoca catchment. Most of these systems 

tend to dry to isolated pools over summer. There were few stream segments with high predicted 

probability of southern pygmy perch in the Avon-Richardson and Loddon catchments 

compared with the Campaspe and Avoca catchments; this mirrors that of the SRA dataset used 

for the modelling (e.g. there were no SRA sites in the Loddon containing pygmy perch records). 

The most influential variables for predicting southern pygmy perch distribution were clay 

content in the A horizon, annual rainfall, runoff perenniality and human landuse pressures 

(Table 6-3). The most important biotic pressure variable was the abundance of brown trout. 

Among the least influential variables were the abundance of European carp and rainbow trout, 

presence of man-made barriers downstream and several geological factors.  
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Table 6-3 Relative influence of predictor variables for the ensemble model. 

Predictor variable Predictor description Relative 

influence 

STR_CLAYA Stream and valley average percent clay in the soil A horizon 23.2 

STRANNRAIN Stream and environs average annual mean rainfall 20.8 

RUNPERENIA Runoff perenniality 20.6 

STR_SANDA Stream and valley average percent sand in the soil A horizon 20.1 

LUF Land use factor 18 

IF Infrastructure factor 15.7 

RDI River Disturbance Index 15.1 

CDI Catchment Disturbance Index 14.9 

RUNANNCOFV 

Coefficient of variation of annual totals of accumulated soil water 

surplus 14.5 

RELIEFRATI Catchment relief ratio 14.4 

CATAREA Upstream catchment area 13.7 

RUNSUMMERM Summer mean of accumulated soil water surplus 13.6 

SALTRU Abundance of brown trout 13.5 

STR_CLAYB Stream and valley average percent clay in the soil B horizon 12.4 

GAMHOL Abundance of Eastern gambusia  12 

STRELEMEAN Mean elevation of the stream segment 11 

STR_UNCONS Stream and valley percentage unconsolidated rocks 10.6 

STR_IGNEOU Stream and valley percentage igneous rocks 8.7 

PERFLU Abundance of redfin perch 8.2 

STR_SILICS 

Stream and valley percentage siliciclastic/undifferentiated 

sedimentary rocks 8.1 

SF Settlement factor 7.4 

STR_A_KSAT Stream and valley average saturated hydraulic conductivity 7.3 

CYPCAR Abundance of European carp 6.7 

ONCMYK Abundance of Rainbow trout 3 

BARRIERDOW Presence of man-made barriers downstream of the reach 0.2 

 

6.4.3 Model scenario comparisons 

Comparison of model predictions under present-day scenarios with predictions for the pre-

disturbance scenario indicate that approximately 70% of critical southern pygmy perch habitat 

has become unsuitable in the north central Victoria region since European settlement.  A 

combination of human pressures and interactions with alien species have reduced the 

distribution from 3443 km of stream length predicted in the absence of human impact and alien 

species to 1015 km predicted under current conditions; Figure 6-2a). The models estimated that 

the effect of human pressures alone have contributed to a 48% decrease in critical habitat (from 

3443km to 1813 km; Figure 6-2b).  Note that these predictions do not account for the recent 

‘Millennium Drought’ which completely dried many of the high probability stream segments, 
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so the current species range is likely to be markedly less than predicted and is also likely highly 

fragmented. 

 

(a) 

(b) 
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Figure 6-2 Predicted southern pygmy perch habitat (a) present day conditions including alien 

species interactions (b) under present day conditions but without alien species interactions (c) 

prior to European settlement. 

6.4.4 Targeted fish survey results 

Sampling of the 33 sites that may contain remnant southern pygmy perch populations yielded 

a total of 3574 individuals from 12 species including seven native and five alien species (Table 

6-4). A total of 451 southern pygmy perch individuals were captured, occurring at 31% (11) of 

sites sampled (Table 6-4). While habitat was not formally evaluated in the field, sites 

containing pygmy perch were typically sand and gravel substrate streams with moderate to 

high macrophyte cover and/or trailing bank vegetation present.  

 

(c) 
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Table 6-4 Fish abundance data from 33 sites in the upper Campaspe, Loddon and Avoca catchments sampled April-August 2018. ‘*’ denote alien species. 
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McIvor Creek at Tooborac-Baynton Rd 144.7636 -37.0776 1 0 0 2 0 0 0 0 0 0 0 0 
Back Creek near Dead Dog Lane 144.6761 -37.0863 0 0 0 26 0 0 0 0 0 0 0 0 
McIvor Creek at Northern Hwy 144.7917 -37.0283 7 0 0 7 0 3 0 0 0 0 0 0 
Jews Harp tributary at Baynton Rd South 144.6036 -37.186 308 0 0 0 0 0 0 0 0 0 0 0 
Jews Harp Creek Sidonia Rd  144.586 -37.1343 61 0 0 63 6 0 0 0 60 0 0 0 
Coliban River tributary at Potts Road 144.3687 -37.0978 0 0 0 10 0 21 0 0 26 0 0 0 
Campaspe River at Tylden-Woodend Rd 144.4804 -37.3328 42 0 0 0 0 0 0 0 56 0 0 0 
Avoca River at Avoca - Bealiba Rd 143.4802 -37.0221 0 0 0 0 0 2 0 1 202 0 0 0 
Mountain Creek at Three Chain Rd 143.4483 -37.0211 8 0 0 0 0 78 1 0 72 0 0 0 
Bet Bet Creek opposite Browns Rd 143.5092 -37.2278 0 1 22 0 0 2 0 0 0 0 0 0 
Beckworth Creek at Mountain Creek Road 143.7357 -37.3118 0 0 0 0 0 0 0 0 0 0 0 0 
James Creek at Myrtle Creek Rd 144.4482 -36.9897 0 0 0 11 0 0 0 0 0 0 0 0 
Cherry Tree Creek tributary at Bandts Rd 143.3568 -36.8991 0 0 0 0 0 0 0 0 0 0 0 0 
Bet Bet Creek tributary opposite Browns Rd 143.5127 -37.227 0 0 0 0 0 0 0 0 0 0 0 0 
Creswick Creek tributary at Addington Creswick Rd 143.8425 -37.4081 0 0 0 0 0 3 0 0 0 0 0 0 
Granite Creek at Coliban Park Rd 144.4428 -37.0395 0 0 0 0 0 0 0 0 0 0 0 0 
Jews Harp Creek tributary at Sidonia Rd  144.5663 -37.1398 0 0 0 2 0 0 0 0 0 0 0 0 
Pohlman Creek tributary at Branding Yard Lane 144.6626 -37.0083 0 0 3 2 0 48 0 0 8 0 1 0 
Middle Creek at Ulina-Koorocheang Rd 143.9621 -37.2857 0 0 0 0 0 0 0 0 0 0 0 0 
Coliban River at Burgoyne’s Road 144.3287 -37.0556 0 0 0 17 0 0 0 0 0 0 0 0 
Avoca River  143.5028 -36.8833 0 0 0 0 0 35 0 0 0 0 0 0 
Avoca River tributary at Amphitheatre Rd 149.4035 -37.2362 0 0 0 91 0 1 0 0 0 0 0 0 
Avoca River at Amphitheatre Rd  149.4036 -37.2326 0 0 0 1 0 1 0 0 0 0 0 0 
Campaspe River at Mollison St, Kyneton 144.4519 -37.2558 15 0 0 0 0 0 0 0 0 0 0 0 
Campaspe River at Carlsruhe 144.4953 -37.2823 3 0 0 0 0 0 0 0 55 1 0 1 
Five Mile Creek at Russel’s Rd 144.5061 -37.323 0 0 0 0 0 0 0 0 0 0 0 0 
Campaspe River at Kyneton - Metcalf Rd 144.4324 -37.1986 1 0 0 0 0 0 0 0 330 0 0 7 
Campaspe River at Metcalf - Langley Rd 144.478 -37.147 0 0 0 0 0 8 0 0 2 2 0 0 
Pipers Creek at Watchbox Rd 144.542 -37.1171 2 0 0 9 0 0 0 0 22 0 0 0 
Loddon River at Loddon Falls plunge pool 144.2416 -37.2826 0 0 3 0 0 0 0 0 0 0 0 0 
Middle Creek at Warrenmang Rd 143.3199 -37.0302 3 0 0 0 0 4 0 0 0 0 0 0 
Bet Bet Creek at Greenhill Creek Rd 143.51 -37.1981 0 0 0 0 0 3 0 0 0 0 0 0 
One Mile Creek tributary at Beckworth Court 143.6996 -37.2683 0 0 1 3 0 0 0 0 0 0 0 0 

Total catch   451 1 29 244 6 209 1 1 833 3 1 8 
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Figure 6-3 Location and sample abundance of southern pygmy perch and model predictions of its present-day distribution throughout the stream network of 

the study area. Only major streams with annual flow volumes greater than 500ML are presented. Possible reintroduction sites are denoted by large circles. See 

section 6.5.4.

Mountain and Middle 

Creek meta-population 

Upper Campaspe River 

meta-population 

Pipers and Jews Harp 

Creek meta-population 

McIvor Creek meta- population 

Possible re-introduction sites: 

restored wetlands in Gunbower 

Forest and artificially created 

wetlands in the upper Bendigo 

Creek catchment 
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6.5 Discussion 

6.5.1 Drivers of southern pygmy perch distribution and effects of land use and alien 

species  

Geological and flow related factors were important determinants of southern pygmy 

perch distribution. The interaction between sub-catchment geology (e.g. sand and clay 

content) and stream gradient likely predicted stream segments with high potential for 

macrophyte growth, which is known to be an important habitat type for pygmy perch 

(Pearce, 2014; Price et al. 2016). Physiographic and flow related factors (e.g. relief ratio, 

runoff perenniality, annual rainfall) were also important factors and indicate that smaller, 

low gradient streams are high probability habitat for southern pygmy perch. These 

streams may represent habitats where predatory fish species such as Murray cod and 

golden perch would be unlikely to occur (e.g. temporary streams that have persistent 

isolated pools, or small upland tributary streams). Unlike SDMs for many other 

Australian native riverine fish species, stream elevation and catchment area were not 

strong predictors (e.g. Chapter 4), reflecting the wide range of waterbody types that the 

species can inhabit ranging from small upland streams through to floodplain wetlands of 

large river systems (Lintermans, 2007). 

The model indicated that with the addition of human pressures (e.g. river disturbance 

index), southern pygmy perch habitat has been substantially reduced. While the predictors 

used in the model were not direct causal mechanisms, they represented a proxy for land 

use pressures such as stock access to rivers, riparian degradation, water extraction and 

altered flow regimes, which have undoubtedly contributed to the decline of the species. 

Pearce (2014) found that instream barriers prevented incursion of alien species into 

otherwise suitable pygmy perch habitat in Coppabella Creek, NSW, however, this factor 

was not found to be important in our study. The relative influence of barriers on alien 

species distribution would also depend on local factors (barrier type, head loss, frequency 

of drown out etc.), that were not captured in our broad-scale modelling assessment. 

Brown trout abundance was the most influential biotic factor in the ensemble model for 

southern pygmy perch. Predation by brown trout has been suggested as a possible 

mechanism for declining southern pygmy perch populations (e.g. Allen et al. 2002; 

Jackson et al. 2004; Gilligan et al. 2010) and this hypothesis is reinforced by local 

recreational fishing guides who describe pygmy perch as an excellent bait for trout (e.g. 

Wedlick, 1981). No brown trout were observed in our targeted sampling fish dataset 
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(Table 6-4). This is likely because our site selection was based on the present day model 

that accounted for brown trout abundance, and would have directed sampling away from 

locations with abundant trout. 

Pearce (2014) found that sites with high abundances of southern pygmy perch had either 

no or low abundance of alien species, and that they rarely occurred in the presence of 

multiple alien species.  This was mirrored in our study, with southern pygmy perch 

frequently co-occurring with one alien species (eastern gambusia), but co-occurring with 

multiple alien species at only one site. Southern pygmy perch also tended to co-occur 

with the native obscure galaxias (G. oliros). 

Pearce (2014) found a significant negative relationship between density of common carp 

and presence of southern pygmy perch and hypothesised that common carp extirpate them 

through one or more of the following mechanisms: reduction in macrophyte habitat, 

increased turbidity, direct predation on eggs and larvae and competition for food. Our 

study did not reveal a strong influence of carp on the presence or absence of southern 

pygmy perch; however, there is little doubt that at certain sites throughout the southern 

MDB (particularly wetland sites not well represented in the model), carp would be 

negatively impacting on pygmy perch populations. In general, structural habitat 

complexity is thought to mediate the effects of alien species interactions, as well as 

foraging success, reproductive success and flow velocities during high flow events (Price 

et al. 2016). 

6.5.2 Present distribution and abundance of southern pygmy perch in the North 

Central CMA region 

The current study has estimated that approximately 70% of southern pygmy perch habitat 

in the north central region of Victoria has become unsuitable since European settlement, 

owing to a combination of land use pressures and interactions with alien species. Within 

the ‘present-day’ modelled habitat, field sampling identified four meta-populations of 

southern pygmy perch that have persisted through the Millennium Drought (Figure 6-3). 

Jews Harp Creek tributary contained a strong population, with 308 individuals across a 

range of sizes being collected over the 12-14-hour trapping period (see Plate 6-1). 

Reasonable sized populations were also sampled in the Campaspe River upstream of 

Barfold Gorge (e.g. 42 individuals at the most upstream Campaspe River site). A new 

population was also discovered at a site in McIvor Creek (~ 5km upstream of a previously 

known population in the Victorian Biodiversity Atlas; VBA) and a population thought to 
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have become locally extinct (Middle Creek at Warrenmang; Cole et al. 2016) was re-

discovered. 

 

Plate 6-1 Southern pygmy perch catch from an unbaited bait trap at a tributary of Jews 

Harp Creek. 

6.5.3 Model limitations 

The modelling approach has a number of limitations that need to be considered when 

interpreting the results of this study. Firstly, data used for modelling were collected on 

several different occasions before and during the Millennium Drought. Drought effects 

have not been specifically parameterised in the model, therefore, the number of stream 

segments where the species presently occupy is likely far less than the predictions in 

Figure 6-2c and populations are also likely to be substantially fragmented. Indeed, our 

sampling failed to detect the species approximately two thirds of sites on stream segments 

where the ‘present-day’ ensemble model predicted their presence. A second limitation 

was the predictive success for the alien species abundance models, which were low for 

some species, namely eastern gambusia and redfin perch. Finally, the model was 

developed using stream segments only, and did not account for off-channel wetlands, 
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hence this habitat type is not represented in the mapped pygmy perch model projections. 

There are several records of pygmy perch from wetlands throughout the Murray River 

corridor, including Gunbower Forest in northern Victoria. Southern pygmy perch was last 

observed in Gunbower Forest in 1997 (VBA record, on the western side of Black Charlie 

lagoon).   

6.5.4 Modelling approach as a tool for identifying and managing remnant populations 

of rare or declining species 

Several studies have used SDMs to identify remnant or new populations of aquatic species 

(e.g. Liang et al. 2013; Taylor et al. 2018; Chapter 3). In the present study we discovered 

new populations of southern pygmy perch at locations identified by the SDM to have high 

probability of pygmy perch occurrence. There is potential for this approach to be applied 

to other rare and declining species of conservation concern. For example, in the Murray 

Darling Basin alone, small bodied species including olive perchlet (Ambassis agassizii), 

flat-headed galaxias (Galaxias rostratus), purple spotted gudgeon (Mogurnda adspersa) 

and Murray hardyhead (Craterocephalus fluviatilis) have seriously declined over the past 

two decades and there is a pressing need to identify remnant populations to secure the 

long-term conservation of these species (Mallen-Cooper et al. 2014).  

The modelling approach used here can also be used to identify areas that are potentially 

suitable for re-introductions as well as, what rehabilitation actions may be required (e.g. 

removal of alien species, fencing out stock), so that successful population re-

establishment may be achieved (Olden et al 2011). For example, this study has identified 

two candidate reintroduction areas (Figure 6-3): artificial wetlands created by the City of 

Greater Bendigo Council in the No. 7 Park in the upper Bendigo Creek catchment; and 

vegetated permanent wetlands in Gunbower Forest (e.g. Cameron’s Creek). Both areas 

are within the predicted or known historical distribution of the species and appear suitable 

for re-introduction because they contain wetlands with abundant macrophtye growth, 

have low abundance of alien species present, are surrounded by forested sub-catchments, 

and have permanent water available. 

6.5.5 Future management of southern pygmy perch in the North Central CMA region 

A recent study by Cole et al (2016) determined that genetic divergence in fragmented 

southern pygmy perch populations in the southern MDB appears to be a recent (post-

European settlement) phenomenon, likely owing to anthropogenic changes such as water 
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development infrastructure (dams, weirs, levees), water diversions, land-use pressures, 

alien fishes and climate change induced drought. Further, most remaining MDB 

populations have low genetic diversity and evidence of inbreeding, this increases their 

risk of extinction (Cole et al, 2016). Before European settlement, the species likely 

existed as a widespread, connected meta-population with periodic gene flow in the 

littoral, floodplain wetlands and tributary habitats throughout the river corridor of the 

Murray River. Therefore, genetic rescue should be considered in the future management 

of southern pygmy perch populations. 

Population models have been developed for southern pygmy perch to inform decisions 

regarding the number of individuals needed for successful population re-establishment, 

and risks to donor populations (Todd et al. 2017). This research suggests that populations 

with 2000 individuals would probably withstand sustained removal of fish for 

translocation without compromising the donor population. However, except for Jews 

Harp Creek tributary, it is unlikely that such populations exist within north central 

Victoria. Therefore, the capture of a small number of individuals (e.g. up to 50) from a 

range of extant populations to allow captive breeding is probably the best option. This 

will allow the generation of a reasonable sized source population with sufficient genetic 

diversity while at the same time minimising the risk to donor populations and insuring 

against possible population failure at re-establishment sites.  

There are several future steps required for securing pygmy perch populations in north 

central Victoria. These include: 

(1) Undertake genetic analysis to confirm that remnant populations are indeed from 

the MDB lineage and to assess levels of inbreeding. A study has been 

commissioned for this purpose. Initial results indicate that all sites from the 

Campaspe River proper were assigned ‘coastal drainage’ populations (i.e. 

genetics corresponding to individuals from Deep Creek in the Maribyrnong 

catchment), whereas remaining sites from the Jews Harp, McIvor and 

Mountain/Middle Creeks meta-populations were assigned to the MDB lineage 

(J. Griffiths, pers. comm. August 2018). This concurs with Cole et al. (2016), 

who also found that one site in the upper Campaspe River (Campaspe R at 

Tylden-Woodend rd.) aligned with ‘coastal’ lineage. 

(2) Protect confirmed pygmy perch habitat where necessary through stock exclusion 

fencing, revegetation and/or other site-specific management actions. 

(3) Collect individuals from different meta-populations in each catchment and 

develop and implement a captive breeding program, using the principles outlines 
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in Cole et al (2016) and Attard et al. (2016). The Campaspe River meta-

population should be avoided based on initial genetics results. 

(4) Identify suitable re-introduction sites and obtain translocation permits. Species 

distribution maps (i.e. Figure 6-2a-c & Figure 6-3) can be used identify and 

prioritise possible sites for southern pygmy perch re-introduction. Presently, two 

candidate reintroduction areas have been identified (Figure 6-3): artificial 

wetlands created by City of Greater Bendigo Council in the No. 7 Park in the 

upper Bendigo Creek catchment; and vegetated permanent wetlands in 

Gunbower Forest (e.g. Cameron’s Creek). Both areas are within the predicted or 

known historical distribution of the species. 

(5) Translocate captive bred southern pygmy perch to re-introduction sites. Todd et 

al. (2007) suggest that release of 1000 adults (with an even sex ratio) per site 

over a 5-year period would probably lead to successful population 

establishment, if the site had suitable habitat and carrying capacity. 

(6) Monitor translocation sites. Given the success of the bait trapping method used 

in our study, a ‘citizen science’ program could potentially be used to monitor 

population trends at re-introduction sites. Involving the community in the project 

is likely to raise the profile of this declining species. 

  



120 

 

Chapter 7 General discussion 

 

In this thesis I set out to develop and test emerging SDM approaches aligned with current 

ecological theory, to improve freshwater fish-based stream bioassessment practices and 

assessments and contribute to conservation decisions. Specifically, this was achieved by 

deriving a data-driven and objective procedure for selecting high quality reference sites 

as the basis for a sound bioassessment program using β-diversity modelling (Chapter 3); 

testing three fundamental modelling approaches that align with different theories of 

community assembly and matching model approaches to intended stream bioassessment 

and conservation  applications (Chapter 4); developing and testing a freshwater fish 

bioassessment index that better fits with ecological disturbance concepts than the 

commonly used taxonomic completeness index (Chapter 5); and applying recently 

developed SDM techniques (ML ensemble models and species abundance models) to a 

real-world conservation problem for an imperilled freshwater fish species, southern 

pygmy perch (Chapter 6). In this section, I synthesise the key findings of the thesis in the 

context of furthering ecological understanding for freshwater fish SDMs, management 

implications for bioassessment and conservation; and conclude by suggesting future 

avenues for freshwater fish SDMs research. 

7.1 Ecological theories and fish SDM development 

In Chapter 3, I tested whether biogeographic legacies were an important factor driving 

assemblage composition among stream reaches in different discrete costal catchments in 

NEN and SEQ. While certain species were restricted to either southern or northern 

catchments, GDM analysis showed that the major drivers of β-diversity were climatic and 

physiographic factors rather than the biogeographic factors included in the analysis. This 

work enabled a broader geographic scope of high quality reference sites to be sampled 

and included for the fish indicator in the SEQ Ecosystem Health Monitoring Program1.  

As with many other studies, fish assemblages in the subtropical coastal study streams 

formed predictable patterns with factors such as elevation, channel slope, flow regime 

components and distance to the sea (important for diadromous species) (e.g. Joy & Death, 

2004; Kennard et al. 2007; Buisson 2008; Growns 2009). Whereas previous SDM 

development for bioassessment in SEQ has used community classification type models 

                                                 
1 http://hlw.org.au/report-card/monitoring-program 



121 

 

(Kennard et al. 2006a), in Chapter 4, I determined that stacked single species ensemble 

models and multi-species response models provided better predictive accuracy and more 

robust resultant biotic indices than community level models (with either DFA or a 

Random Forest classifier to predict pre-defined community types). From this, it is inferred 

that assemblages in the study area assemble as a collection of species exhibiting 

individualistic responses to environmental gradients, rather than as discrete communities 

that exist either through species co-dependencies and co-exclusions, or whole assemblage 

responses to key environmental gradients.  

7.2 Enhancing stream bioassessment with improved reference site selection, 

modelling advances, and biotic index development - is it worth the effort? 

As an alternative to community-classification approaches such as RIVPACS, ML SDMs 

have been reported to improve species predictions for stream bioassessment (Bailey et al. 

2014). In particular, predictions from ML approaches may lead to development of more 

reliable indices (i.e. fewer type 1 and type 2 errors), increased sensitivity to detection of 

impacts, and therefore a more reliable basis for stream management decisions. On the 

other hand, implementation of new modelling techniques and biotic indices over well-

established techniques and indices needs to provide substantial improvements to warrant 

their adoption into existing bioassessment programs (Webb et al. 2014). In Chapter 4, I 

demonstrated that ML single species ensemble and multi-response models exhibited 

marked improvements in predicting freshwater fish occurrence in SEQ than the 

frequently used community classification approach for bioassessment. For example, 

ensemble models had over twice the number of ‘good’ species predictions, assessed using 

AUC, than community classification models using DFA.  

There are two main arguments for not adopting complex statistical approaches for 

bioassessment, such as the ML or ensemble methods used in Chapters 4, 5 and 6. The 

first is that the modelling approach is difficult to communicate to stakeholders and stream 

managers (e.g. Kelly, 2014). I suggest that it is equally difficult communicating well-

established approaches such as RIVPACS and justifying the various decisions taken 

through the modelling process (e.g. number of clusters, exclusion of rare species etc). The 

key here is that modellers need to be able to effectively communicate the model 

assumptions, limitations and uncertainties to stream managers, while having the breadth 

of ecological knowledge to collaborate with managers in diagnosing underlying issues 

and translating these into local management actions.  The second is that it is difficult to 



122 

 

elucidate ecological insights from ‘black box’ approaches that lack interpretability (e.g. 

Schmidt et al. 2011). There are now well-established methods for inferring ecological 

insights from most ML methods (e.g. ANNs; Olden et al 2004; Olden et al. 2006), and 

for ensemble methods through randomisation procedures (e.g. Thuiller et al. 2009). I 

believe these two impediments to adopting more complex models are minor issues; 

bioassessment practitioners and stream managers usually have straightforward data 

needs: predicted species probabilities in river reaches under scenarios of interest, the 

variables (particularly threats) driving species distributions that need to be managed, and 

the scale of management required for successful restoration or conservation outcomes. 

In this regard, another key finding from Chapter 4 was that minimal gains in predictive 

accuracy were achieved with field derived habitat variables in addition to GIS-derived 

data represented in a stream network. Use of spatially continuous variables allowed 

projections of species predictions to be mapped across the stream network. These maps 

can be used for spatially explicit management decisions, such as input into conservation 

reserve design algorithms such as Marxan (e.g. Essleman & Allan, 2009; Hermoso et al. 

2011) or for identifying priority areas for species re-stocking and managed relocation 

(Guisan et al. 2013; Olden et al. 2011, Chapter 6). Maps of both reference condition and 

present-day species probabilities could be made available in a user-friendly web-based 

form to encourage use of model outputs in stream management decisions and assessments 

(e.g. environmental impact assessments). A similar approach called ‘point-click-fish’, has 

been developed for riverine fish species in Waikato, New Zealand (Joy, 2005). 

I return to a fundamental premise of ecological models: they are only as good as the data 

used to construct them (Yates et al. 2018; Chapter 1). While ML algorithms are one way 

to improve predictive accuracy, parallel data collection to improve model calibration is 

another very important one. I suggest that using SDMs for survey gap analysis and 

subsequent sampling provides a useful way forward for gains in fish SDM predictive 

accuracy. For example, in Chapter 3, GDM modelling was used to identify ‘ecotypes’, 

and one under-sampled ecotype in SEQ (high elevation streams) yielded a new species to 

the region (G. olidus). The model also highlighted good quality reaches of an under-

sampled ecotype identified by Kennard et al (2006a); coastal wallum streams. Given that 

large portions of this ecotype are facing threats from rapid urban development, it was 

important to characterise the biotic composition of these streams to improve the accuracy 

of the Ecosystem Health Monitoring Program fish models. Further, targeted sampling 
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revealed a fish species not previously reported to occur in coastal NSW streams (C. 

stercusmascarum) and first records for G. coxii in the South Pine River catchment in 

SEQ; highlighting the value of the modelling approach for survey gap analysis. 

An emerging field in stream bioassessment is metagenomics and the use of environmental 

DNA to determine species presence-absence at a site (e.g. McInerney & Rees 2018). 

Benefits of the eDNA approach are that the collection method is non-destructive and 

circumvents issues with animal ethics, it does not require costly and specialist sampling 

equipment such as electrofishing apparatus, and specialist taxonomic expertise is not 

needed. If carefully managed, and suitable training and QA/QC procedures are 

implemented, eDNA methods open the door for data collection through citizen science 

(e.g. Biggs, 2015) with benefits through (1) fieldwork cost efficiencies and (2) 

community engagement to both raise the profile of freshwater fish conservation and river 

health stewardship. Several methodological issues still need to be resolved, particularly 

creation of accurate reference databases and quantification of the spatial scale that a 

sample represents under particular environmental conditions (e.g. flow, salinity, pH, and 

turbidity). It is however becoming clear that eDNA and genomic analysis will be 

prominent in routine stream bioassessment programmes into the future (e.g. Nichols et 

al. 2016). Again, the key to the success of such endeavours will be ecologists maintaining 

close involvement and oversight of processes (data collection through to interpretation), 

knowledge of local sites, and working with stream managers to determine appropriate 

management actions. Without this, there is a risk of biomonitoring falling into a syndrome 

of “McEcology” through outsourcing of biomonitoring processes (Kelly, 2014), 

undermining the ability of bioassessment to inform decision-making and ultimately 

improve river health. 

In Chapter 5, I demonstrated another approach for improving stream bioassessment 

through increased biotic index sensitivity. For over 30 years, the main output from 

community classification modelling frameworks has been the taxonomic completeness 

index. A decade ago, Van Sickle (2008) proposed a new index akin to Bray-Curtis 

dissimilarity, which showed very promising results for increasing sensitivity to detecting 

non-reference conditions. Importantly, the index simply uses a different combination of 

the same outputs of test site data and existing models (i.e. observed species and model 

predicted species). Since 2008, the BC index appears to have received little attention in 

peer reviewed literature, and minimal adoption in stream bioassessment programs.  I 
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found that a version of the BC index, extended to include alien and translocated species 

in the observed component provided almost 20% greater sensitivity to detecting 

anthropogenic disturbances than taxonomic completeness index derived from the same 

modelling procedure. This index is a clear way forward for improving stream 

bioassessment, particularly the ‘early warning’ capacity of bioassessment indices, that is, 

indicating where subtle levels of disturbance are driving assemblage compositional 

changes away from reference conditions. The index shows much promise and should be 

further tested for other common indicator taxa (e.g. diatoms, phytoplankton, 

macrophytes) as well as indicator taxa that are becoming more readily accessible through 

eDNA based bioassessments (e.g. bacteria, meiofauna) and in a range of different aquatic 

contexts (e.g. temperate and tropical systems; wetlands, lakes, estuaries).  

So, are these gains worth the effort? This thesis has identified three ways for improving 

stream bioassessment programs that rely on predictive models: refining and updating 

reference site datasets using a data driven and objective process, using ML single-species 

ensemble or multi-species response models to provide better predictive accuracy, and 

complementing or replacing the O/E index with the BCA index. Each of these have 

yielded marked gains in different aspects of an existing bioassessment program (EHMP). 

Given also that the ensemble modelling yielded spatially explicit predictions mapped to 

stream segments that can be directly used by stream managers, I believe that the gains are 

sufficient to encourage bioassessment practitioners to undertake similar modelling 

exercises to refine existing stream bioassessment programs or establish new programs. 

 

7.3 Matching SDMs to ecological applications 

No one SDM strategy is suited to all ecological applications. Different modelling 

strategies, algorithms and model choices (e.g. threshold selection, validation method, 

consensus method) can yield model predictions that may be suited well to one 

application, and poorly to another (e.g. Olden & Jackson, 2002; Araújo & Peterson, 

2012). There is a need for modellers to look beyond a single measure of accuracy (e.g. 

AUC) so that models are matched to intended uses based on other model evaluation 

properties such as sensitivity and specificity (Hallstan et al. 2012). For example, in 

Chapter 4 I found that when considering the O/E index generated from several 

modelling strategies, multi-response species response models performed well (owing to 

lack of bias in external validation datasets), whereas for the BC index, single species 
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ensemble models performed best (markedly lower BC values and similar SD compared 

with other models, implying greater sensitivity for bioassessment). In this chapter, I 

identified key model evaluation attributes that I hope will assist modellers in matching 

models to end uses (Table 4-7). Importantly, given the low cost to explore different 

modelling approaches, relative to the cost of additional field data collection, I 

recommend that modellers compare different modelling approaches with the same 

dataset to appraise model strengths, weaknesses, and adequacy for the intended model 

application. (Olden & Jackson, 2002). 

 

7.4 Moving SDMs from the realm of methodological developments to practical 

conservation outcomes 

Not only are there relatively few examples of SDMs being directly applied to real world 

conservation outcomes (Guisan et al. 2013), there is compelling evidence that 

conservation planners tend to ignore improved accuracy in SDMs in favour of directly 

addressing threats and threatening processes (Tulloch et al. 2016). One possible reason 

for this is the gap between modellers, managers, and stakeholders (Villero et al. 2017).  

This gap can only be addressed through communication – clear expectations from 

stakeholders and conservation practitioners about what is required from ecological 

modellers and the intended model end use; relevant information from ecologists and 

managers regarding species ecology; and logic checks throughout the modelling process. 

One way in which freshwater fish SDMs can move into the domain of practical 

conservation outcomes is by using SDM outputs the basis for other modelling forms, in 

particular, defining the source habitat patches required for spatially explicit population 

viability analyses (PVA). For example, there has been significant investment into 

developing PVA models for several MDB fish species e.g. Murray cod, trout cod, 

Macquarie perch and southern pygmy perch (Todd et al. 2004; Koehn & Todd, 2012; 

Todd & Lintermans, 2015; Todd et al. 2017). A useful next step would be applying such 

PVA in a spatially explicit manner, at scales relevant to stream managers i.e. 

incorporating dynamic elements in SDMs sensu Frankin (2010). This type of modelling 

would be a powerful tool to assist in conservation decisions including (1) where to best 

target habitat rehabilitation and stream connectivity interventions such as fishways or 

barrier removal (2) where, how many, and how often should threatened fish be 

reintroduced to supplement existing meta-populations and reduce extinction risk and (3) 
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prioritising threat abatement e.g. through fishing regulations, alien species control, or 

reduced access to population sinks such as irrigation channels (e.g. see O’Connor et al. 

2008). 

Chapter 6 provided an example of how SDMs can be used for population discovery of 

rare or threatened species, and subsequent conservation management decisions such as 

brood stock selection for captive breeding, targeted habitat protection, and identification 

of suitable translocation sites. This approach could easily be applied to other threatened 

or declining species, for example Rhadnocentrus ornatus and Nannoperca oxleyana in 

SEQ, Mogurnda adspersa in NEN, and Galaxias rostratus, Ambassis agasizzi and 

Gadopsis marmoratus in the southern MDB. 

7.5 Future directions for fish species and assemblage modelling research and 

SDM applications 

There are several avenues for improving the accuracy of fish species distribution models 

emerging in the literature. Firstly, biotic interactions are rarely directly accounted for in 

SDMs, although some modelling approaches inherently account for potential biotic 

interactions within the modelling process (e.g. community-classification models and 

MANNs).  Direct inclusion of biotic processes can be simple (e.g. through including one 

or more species as independent predictor variables along with the independent abiotic 

predictor variables, such as in Chapter 6) or more detailed, such as linking SDMs to 

dynamic process models that account for population processes and dispersal (Record et 

al. 2018) or using joint SDMs that can accommodate non-linear relationships (Harris, 

2015). The role of biotic interactions in fish assemblages is likely to be context dependant, 

particularly in relation to hydrological variability (e.g. high levels of hydrological 

disturbances may provide a more overriding force in shaping species distributions than 

biotic interactions) and study scale (i.e. at smaller spatial scales, interactions may become 

more significant in affecting presence and/or abundance of species than at broader spatial 

scales). There is an urgent need to forecast how climate and land-use changes will affect 

freshwater fish distribution and how this can best be managed (Mantyka-Pringle et al. 

2014). To do this we need to better understand the contemporary role of biotic interactions 

for freshwater fish assemblages in a range of environmental contexts (e.g. temperate 

versus tropical streams, large versus small river basins). Also, key to these improving 

these predictions will be incorporating dispersal and metapopulation processes into 
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models via multi-modelling or semi-mechanistic modelling frameworks (Mokany & 

Ferrier, 2010). 

Another prosperous avenue for research is the use of SDMs for trait-based approaches to 

bioassessment (Menezes et al. 2010; Frimpong & Angermeier, 2010) and applied river 

management (Schwartz, 2016). Approaches using functional traits have been widely 

promoted because of perceived advantages over taxonomic approaches including their 

greater sensitivity to detect impairment; insight into mechanistic relationships between 

biota and stressors (Culp et al. 2011);  relationships with ecosystem functions (e.g. energy 

fluxes and ecosystem services such as litter decomposition); increased transferability 

across large spatial scales such as across biogeographic regions with different taxa pools 

(Frimpong & Angermeier, 2010); greater temporal stability; and increased potential to 

diagnose and manage multiple stressors (Stazner & Beche, 2010). 

Currently, widespread adoption of traits based approaches has been hampered by 

incomplete trait databases; trait plasticity and ontogeny; consensus on a subset of relevant 

traits that reliably indicate anthropogenic disturbances; traits being constrained by 

phylogenetic history rather than being tied to environmental conditions; predictability of 

traits; taxonomic and trait resolution; and conclusive evidence that traits based 

approaches provide clear advantages over taxonomic approaches for bioassessment. 

Recent work has addressed some of these limitations for Australian fish species 

(Sternberg & Kennard, 2013; 2014). Building on this work with SDMs to develop site-

specific reference condition models of expected trait composition for stream 

bioassessment would be a useful future research avenue. 
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Appendices 

 

Appendix A. List of fish species included in the analysis, and their prevalence in the 

generalised dissimilarity modelling (GDM) training dataset (n = 396) 

Species  Prevalence (%)  

Ambassis agassizii  33.8  

Ambassis marianus  2.3  

Anguilla australis  28.5  

Anguilla reinhardtii  83.3  

Arrhamphus sclerolepis  1.5  

Craterocephalus marjoriae  21.7  

Craterocephalus stercusmuscarum  18.2  

Galaxias olidus  3.0  

Glossamia aprion  3.5  

Gobiomorphus australis  49.2  

Gobiomorphus coxii  21.0  

Hypseleotris compressa  38.1  

Hypseleotris galii  71.5  

Hypseleotris klunzingeri  38.9  

Kuhlia rupestris  0.5  

Maccullochella ikei  6.6  

Percalates novemaculeata  30.3  

Maccullochella peelii mariensis  1.0  

Melanotaenia duboulayi  67.9  

Mogurnda adspersa  21.5  

Mordacia sp. (undescribed)  0.3  

Mugil cephalus  25.8  

Nannoperca oxleyana  2.0  

Nematalosa erebi  8.3  

Neoceratodus forsteri  0.3  

Neosilurus hyrtlii  0.5  

Notesthes robusta  13.9  

Ophisternon sp.  2.8  

Philypnodon grandiceps  40.7  

Philypnodon macrostomus  25.5  

Porochilus rendahli  0.3  

Potamalosa richmondii  10.6  

Pseudomugil mellis  0.8  

Pseudomugil signifer  27.0  

Retropinna semoni  58.1  

Rhadinocentrus ornatus  14.6  

Trachystoma petardi  18.4  

Tandanus tandanus  73.0 
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Appendix B. Notched boxplots of retained untransformed predictor variables for each 

ecotype. Non-overlapping notches roughly indicate significant differences among median 

values. See Table 3-1 for predictor-variable descriptions. 
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Appendix C: Differences in assemblage composition among generalised dissimilarity 

modelling (GDM)-defined ecotypes using the evaluation dataset (n = 128), assessed 

using PERMANOVA  

 

Probabilities are significant at: *, P < 0.05; **, P < 0.01 

Pairwise ecotype comparison  Pseudo-F  P-value 

1 v. 2  16.1  0.001***  

1 v. 3  25.6  0.001***  

1 v. 4  23.1  0.001***  

1 v. 5  25.5  0.001***  

1 v. 6  45.3  0.001***  

1 v. 7  10.5  0.002***  

2 v. 3  8.0  0.001***  

2 v. 4  12.0  0.001***  

2 v. 5  22.6  0.001***  

2 v. 6  20.9  0.001***  

2 v. 7  10.8  0.001***  

3 v. 4  2.8  0.023*  

3 v. 5  14.1  0.001***  

3 v. 6  3.3  0.012*  

3 v. 7  7.1  0.001***  

4 v. 5  10.6  0.001***  

4 v. 6  6.3  0.001***  

4 v. 7  5.9  0.001***  

5 v. 6  13.4  0.001***  

5 v. 7  0.9  0.47  

6 v. 7  9.5  0.001***  

Global analysis  27.3  0.001*** 
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Appendix D. Details of predictor variables used for the fish species distribution 

modelling and rationale for their selection. 

Spatial 

scale 

Description Units Transformation Rationale 

Site Mean wetted stream width m  -  Indicative of position in stream continuum 

(Vannote et al. 1980) and habitat 

availability  
Mean stream depth cm LOG10 Proxy for habitat and cover availability, 

particularly for large bodied species 

  Mean flow velocity ms-1 LOG10 (x+1) Indicative of hydraulic flow types at a site 

(e.g. presence of riffle/run/pool habitat) 

Stream 

Segment 

Mean segment elevation m.a.s.l  -  Proxy for position in stream continuum and 

stream temperature  
Stream and sub-catchment 

hottest month mean 

temperature  

°C  -  High stream temperatures may exceed 

species tolerance range for 

survival/growth/reproduction  
Stream and sub-catchment 

average annual rainfall  

mm LOG10 Proxy for flow conditions, available aquatic 

habitat and surrounding vegetation types  
Stream and valley percentage 

unconsolidated rocks 

%  -  May affect water chemistry and substrate 

type and is related to position in stream 

continuum  
Stream and valley percentage 

siliciclastic/undifferentiated 

sedimentary rocks 

%  -  May affect water chemistry and substrate 

type 

 
Stream and valley percentage 

metamorphic rocks 

%  -  May affect water chemistry and substrate 

type 

  Stream and valley percentage 

mixed sedimentary and 

igneous rocks 

%  -  May affect water chemistry and substrate 

type 

Downstream 

flow path 

Average slope of downstream 

flow path 

% LOG10 Proxy for position in stream continuum and 

potential natural barriers to upstream 

migration 

  Distance to outlet (the sea) km LOGe Access to the sea is required for 

diadromous species 

Upstream 

catchment 

Annual mean accumulated 

soil water surplus  

ML LOG10 Proxy for position in stream continuum, 

flow permanence; and available habitat  
Coefficient of variation of 

monthly totals of 

accumulated soil water 

surplus 

N/A LOG10 Flow predictability can favour species with 

certain life history traits 

 
Maximum upstream elevation m.a.s.l  -  Total available upstream habitat for 

colonisation potential  
Catchment percentage 

unconsolidated rocks 

%  -  May affect water chemistry, substrate type 

and relate to position in stream continuum  
Catchment percentage 

igneous rocks 

%  -  May affect water chemistry, substrate type 

and relate to position in stream continuum  
Catchment percentage 

metamorphic rocks 

%  -  May affect water chemistry, substrate type 

and relate to position in stream continuum  
Catchment percentage mixed 

sedimentary and igneous 

rocks 

%  -  May affect water chemistry, substrate type 

and relate to position in stream continuum 

 
Catchment shape (elongation 

ratio) 

N/A  -  May affect peak times of high flow events 

and potentially stream temperature  
Catchment relief ratio  N/A Square-root Proxy for position in stream continuum, 

substrate size distribution, flow types  
Catchment average slope °  -  Proxy for position in stream continuum and 

diversity of hydraulic flow types 

  Modelled annual terrestrial 

mean net primary 

productivity 

tC ha-

1 

 -  Proxy for stream productivity and food 

availability 
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Appendix E. Cluster dendrogram showing the 6 groups (red boxes) selected for the 

community classification models, RF and DFA. 
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Appendix F. Details of predictor variables used for the fish species distribution 

modelling and rationale for their selection. 

Spatial 

scale 

Description Units Transformatio

n 

Rationale 

Stream 

Segment 

Mean segment elevation m.a.s.

l 

 -  Proxy for position in stream continuum and 

stream temperature  
Stream and sub-catchment hottest 
month mean temperature  

°C  -  High stream temperatures may exceed species 
tolerance range for 

survival/growth/reproduction  
Stream and sub-catchment 
average annual rainfall  

mm LOG10 Proxy for flow conditions, available aquatic 
habitat and surrounding vegetation types  

Stream and valley percentage 

unconsolidated rocks 

%  -  May affect water chemistry and substrate type 

and is related to position in stream continuum  
Stream and valley percentage 

siliciclastic/undifferentiated 

sedimentary rocks 

%  -  May affect water chemistry and substrate type 

 
Stream and valley percentage 

metamorphic rocks 

%  -  May affect water chemistry and substrate type 

  Stream and valley percentage 
mixed sedimentary and igneous 

rocks 

%  -  May affect water chemistry and substrate type 

Downstrea
m flow path 

Average slope of downstream 
flow path 

% LOG10 Proxy for position in stream continuum and 
potential natural barriers to upstream migration 

  Distance to outlet (the sea) km LOGe Access to the sea is required for diadromous 

species 

Upstream 

catchment 

Annual mean accumulated soil 

water surplus  

ML LOG10 Proxy for position in stream continuum, flow 

permanence; and available habitat  
Coefficient of variation of 
monthly totals of accumulated 

soil water surplus 

N/A LOG10 Flow predictability can favour species with 
certain life history traits 

 
Maximum upstream elevation m.a.s.

l 
 -  Total available upstream habitat for 

colonisation potential  
Catchment percentage 

unconsolidated rocks 

%  -  May affect water chemistry, substrate type and 

relate to position in stream continuum  
Catchment percentage igneous 

rocks 

%  -  May affect water chemistry, substrate type and 

relate to position in stream continuum  
Catchment percentage 
metamorphic rocks 

%  -  May affect water chemistry, substrate type and 
relate to position in stream continuum  

Catchment percentage mixed 

sedimentary and igneous rocks 

%  -  May affect water chemistry, substrate type and 

relate to position in stream continuum  
Catchment shape (elongation 

ratio) 

N/A  -  May affect peak times of high flow events and 

potentially stream temperature  
Catchment relief ratio  N/A Square-root Proxy for position in stream continuum, 

substrate size distribution, flow types  
Catchment average slope °  -  Proxy for position in stream continuum and 

diversity of hydraulic flow types 
  Modelled annual terrestrial mean 

net primary productivity 

tC ha-

1 

 -  Proxy for stream productivity and food 

availability 
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Appendix G. The approximate contribution of variance explained by each disturbance 

variable in the selected model (%), and the statistical significance of selected model 

terms. ‘*’ denotes significance at α=0.05, ‘**’ at α=0.01, and ‘***’ at α=0.001. 

 

Disturbance variable BCalien BC OEENS OEDFA PONSE PropAlien 

Multiple R2 69 67 51 45 40 61 
Adjusted R2 65 62 44 35 34 54 

Water quality       

TP -  -  -  -  2 2 
FRP -  -  1 1 6** 1 
NOx -  -  3** -  -  -    
NH3 5*** 2** 2 8** 1 8 
DOC -  -  3* 6 -  -   
pH -  -  -  -  3 -   
Cond 22*** 21*** 10*** -  4** 3*** 
TempMax 6** 5 -  1* -  3** 
TempRange -  -  -  2* -  -   
DOMin 1** 3*** 7*** -  3* 4 
DORange 8 9 6* -  -  1* 

Benthic metabolism       

R24 4* 3* - - - - 

GPP 2** 2** - - - - 

Land Use       

SUBPOPMEAN -   2* -  3** 9*** 14** 
SUB_MOD -  -  -  2* -  4* 
CAT_MOD -  -  -  6** -  2* 
CAT_IRR 1* 1* 1 -  2* 2 
SUB_INTAN -   -  -  1* -  -   
CAT_INTAN 1** 1* 1 3** 2* -  
SUB_INTPL -  -  1* 3** -  2* 
CAT_INTPL 1 1 -  -  -  2** 
SUB_PEST -  -  1 3*** -  -   
CAT_PEST 7*** 4** 2* -  -  4* 
SUB_FORSTR -  -  3* 3*** -  3* 
SUB_MINING -  2* -  1 -  2 
Water infrastructure 
development       

SUB_ARTIMP 2* -  -  -  -  4* 
CAT_ARTIMP -  -  -  -  7** -   
CONLEN -  -  3* 1* -  -   
BARRIERDOW 8*** 11*** 8*** 2** -  -  

 

 

 



162 

 

 

 

  



163 

 

Appendix H. Plots of the observed against predicted values for each index derived from 

MLR modelling, with reference to a 1:1 line. Note that PropAlien has been square-root 

transformed. 




