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Abstract 

Marine bioregional, ecosystem and habitat classifications and maps are important for 

understanding and managing the marine environment. Benthic epifaunal assemblages often 

inform marine ecosystem classifications and maps, being recognized as good surrogates for 

broad benthic biodiversity patterns. In South Africa, ecosystem classification and mapping 

follow an expert-derived data-informed hierarchical approach. A move towards employing 

data-driven approaches to bioregionalization using quantitative biological and environmental 

datasets is underway. However, quantitative datasets collected with different sampling 

methods cannot easily be combined in analyses. It is also unknown whether available 

biological and environmental datasets can sufficiently define bioregions using existing data-

driven approaches. As a case study, this research focuses on the southern Benguela shelf, 

located on the western margin of South Africa, where research trawl and towed camera 

sampling methods regularly collect quantitative data on epifaunal assemblages. This research 

therefore aims to 1) quantify congruency of epifaunal abundance patterns detected by a 

research trawl and a towed camera, so that their datasets can be appropriately weighted or 

prioritised in data-driven approaches and to 2) classify and predict epifaunal bioregions by 

applying a data-driven approach to bioregionalization using abundance data collected by 

research trawling.  

Various univariate and multivariate analyses were used to compare differences in species 

composition, diversity and assemblage structure at 18 sites (50–700 m) collected between 

2017 and 2020 by towed camera and research trawl sampling methods. To quantify 

congruency in multivariate assemblage patterns between sampling methods, a symmetric co-

correspondence analysis (Co-CA) was used on the log+1 transformed abundance matrices. 

Univariate patterns of diversity were not significantly correlated between sampling methods, 

which detected mostly different subsets of epifaunal assemblages. The towed camera 

detected small and patchily distributed epifauna (e.g. the small brittle star Ophiura trimeni) and 

Anthozoans better than the trawl, while the trawl captured patterns of larger, highly motile 

Decapoda (e.g. the hermit crab Sympagurus dimorphous) and burrowing Asteroidea better 

than the towed camera. Though broad similarities in assemblage structure were evident 

between sampling methods, with high correlations found between important Co-CA axes 

(r = 0.93, 0.93, 0.79, 0.80), patterns were not significantly similar (p > 0.05).  

To statistically determine epifaunal bioregions across the study area, Regions of Common 

Profile (RCP) models were applied, using abundance data collected by research trawling 

between 2017 and 2020 from 325 sites. An RCP modelling approach was selected as a 
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potential data-driven method for marine bioregionalization in South Africa, since classification 

and prediction are performed simultaneously, thereby quantifying uncertainty in estimated 

bioregions. Research trawl datasets were used due to their systematic sampling design which 

covers a greater spatial and temporal extent than other sampling methods across the study 

area. Rare species and collinear predictors were removed prior to modelling, resulting in 46 

species and three environmental predictors (bottom temperature, dissolved oxygen and slope) 

used in the final model. Five bioregions were identified, based on lowest Bayesian Information 

Criterion (BIC). Low values of dissolved oxygen (< 0.3 ml/l) and low bottom temperature (3.76–

5.24 ˚C) were important predictors for bioregions which aligned with the inner shelf (RCP 5, < 

150 m) and upper slope (RCP 1, > 500 m) respectively. These bioregions were associated 

with the highest confidence in spatial predictions. The highest uncertainty was attributed to 

bioregions across intermediate depths (RCP 2, 3 and 4, ~150–500 m) where species richness 

was highest. 

This study recommends the use of both towed camera and research trawl datasets to describe 

epifaunal assemblages holistically, though consideration should be given to the strengths and 

limitations of each dataset for specific applications. A low sample size of sites available for 

comparison between sampling methods may have influenced findings to be inconclusive, and 

further comparisons are recommended. However, findings suggest the strength of congruence 

between sampling methods is dependent on the species, habitat and spatial scale (resolution) 

of interest. Bioregions defined in this study aligned with broad depth breaks and known 

biogeographical patterns, though further effort is required to source and test relevant 

environmental predictors for species distributed across intermediate depth ranges (~150–

500 m). Data-driven approaches to bioregionalization which can quantify uncertainty in spatial 

predictions of bioregions and utilise quantitative datasets provide more information for 

management applications. As such, RCP models informed by research trawl datasets could 

be a viable option when delineating marine bioregions for South Africa, though validation with 

independent datasets is strongly recommended.  

This study highlights the importance of context, method and spatial resolution when detecting 

ecological patterns. When collecting data, different sampling methods may detect patterns 

with varying degrees of congruence depending on location, species sampled or the spatial 

scale of interest. When analysing data, the type and quantity of environmental predictors and 

species used to inform data-driven approaches likely influence bioregional patterns produced. 

The importance of long-term monitoring using a variety of sampling methods is emphasised 

to reliably compare and quantify bioregional patterns. Rigorous comparisons between 

datasets and analytical approaches are encouraged to improve understanding of their 
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advantages and limitations. This study contributes methodological advances towards 

informing a data-driven approach to marine bioregionalization in South Africa. 
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CHAPTER 1: Introduction and background 

Marine ecosystem classification and mapping have many management implications and are 

necessary for evaluating the extent of threats that ecosystems face (Diaz et al., 2004). Benthic 

epifauna can be useful environmental indicators, and their spatial patterns are often included 

when informing ecosystem classifications (e.g. Buhl-Mortensen et al., 2020; Howell, 2010; 

Stephenson et al., 2021). Benthic sampling methods differ between the fauna they target, and 

the patterns they detect may vary depending on the spatial resolution of interest (Reiss et al., 

2010; Silberberger et al., 2019). As such, ecosystem classifications should ideally be informed 

by data collected across multiple scales and sampling methods (Bowden, 2011; Buhl-

Mortensen et al., 2012; Clark & Rowden, 2004; Lecours et al., 2015). While ecosystem 

classifications have usually been expert-derived (including in South Africa), more recent 

advancements to data-driven approaches can achieve mapped outputs which are less 

subjective and have greater ecological relevance (Rowden et al., 2018), particularly when 

informed by quantitative data (e.g. abundance) (Stephenson et al., 2021). However, 

quantitative datasets collected by different sampling methods cannot be readily combined in 

analyses. Different quantitative datasets therefore require appropriate prioritisation or 

weighting when used in data-driven approaches, depending on the patterns they detect across 

spatial resolutions or species (Sink et al., 2023). The patterns inferred by different sampling 

methods are not necessarily consistent between one another and may be largely context 

dependent (Flannery & Przeslawski, 2015), as is the choice of statistical analyses (Norberg et 

al., 2019). Quantification of patterns observed across various sampling methods, using 

appropriate statistical analyses, are therefore required to assist South Africa’s transition to a 

data-driven marine ecosystem classification and map.  

Ecosystem classification and mapping refer to the delineation and plotting of ecologically 

relevant spatial units (also referred to as groups or classes) over a spatially continuous area 

(Brown et al., 2011; Costello, 2009; Diaz et al., 2004). These groups attempt to reflect 

relatively distinct spatial distributions of biological assemblages (groups of co-occurring 

species) and their physical environments. Depending on the spatial scale (extent or resolution) 

and the data used to inform the classification, spatial units defined have been referred to as 

‘habitats’ (Davies et al., 2004; Greene et al., 1999; McQuaid et al., 2020; McQuaid et al., 

2023), ‘biotopes’ (Buhl-Mortensen et al., 2020; Connor et al., 2004; Davies et al., 2017), 

‘ecosystem types’ (Keith et al., 2020; Sink et al., 2019b), ‘assemblages’ (Howell, 2010), 

‘ecoregions’ (Spalding et al., 2007) and ‘bioregions’ (Woolley et al., 2019). It should be noted 

though that terms are not always dependent on scale or consistently applied across studies 

(Costello, 2009). Here, ‘biological or species assemblages’ refers to co-occurring groups of 
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species, ‘habitat’ refers to the environmental characteristics associated with biological 

assemblages, and ‘ecosystem type’ is used to refer to ecosystem units delineated using biotic 

and/or abiotic variables (e.g. Sink et al., 2019a). While only spatial distribution patterns of 

species assemblages and their environmental predictors are considered here, classifications 

and maps may be produced based on patterns of e.g. taxonomic diversity indices (Murillo et 

al., 2020a; O'Hara et al., 2020) or functional diversity (Murillo et al., 2020b).  

Classifying and mapping of ecosystem types have many implications for conservation and 

marine spatial planning (Harris et al., 2022b; McQuaid et al., 2023), such as supporting 

ecosystem-based management practices (Davies et al., 2017; Last et al., 2010), identifying 

ecologically and biologically significant areas (Gregr et al., 2012; Harris et al., 2022a), 

assessing levels of ecosystem protection (Clark et al., 2011; Howell, 2010; Kirkman et al., 

2021; McQuaid et al., 2020; Roff & Taylor, 2000; Ross & Howell, 2013; Rubidge et al., 2016; 

Spalding et al., 2007; UNESCO, 2009) and evaluating ecosystem threat status (Kirkman et 

al., 2019; Pitcher et al., 2018; Sink et al., 2019a). Since sampling the vastness of the marine 

environment thoroughly is impractical, due to high associated costs, technological challenges 

and difficulty accessing certain areas (Diaz et al., 2004; Jamieson et al., 2013), maps provide 

a means to estimate and assess biodiversity in areas that are data deficient (Jetz et al., 2019; 

Woolley et al., 2019). The classification and mapping of biodiversity in general aids 

understanding by simplifying complexity (Woolley et al., 2019), inherent in ecological 

processes and relationships (Levin, 1998). However, this process of simplification results in 

spatially distinct units which are ultimately human constructs with artificial boundaries (Kreft & 

Jetz, 2013) which can be especially vague and dynamic in the marine environment (Brown et 

al., 2011). As a result, numerous approaches to ecosystem classification and mapping exist, 

depending on the methods and data used to define them, the spatial extent and resolution of 

interest, and their intended applications (Brown et al., 2011; Diaz et al., 2004; Harris, 2020; 

Hill et al., 2020; Shumchenia & King, 2010).  

While ecosystem classification assumes that spatial units are representative of biologically 

and environmentally distinct regions, classifications and maps may not always be informed by 

both biological (biotic) and environmental (abiotic) data. This is due to the general sparsity of 

in-situ biological data compared to environmental data, which are easier to measure remotely 

using e.g. satellite imagery, acoustic or multi-beam data (McArthur et al., 2010). When only 

environmental characteristics are considered as surrogates for biological assemblages, the 

mapped habitats may be referred to as ‘seascapes’ (Roff et al., 2003). At global extents and 

broad spatial resolutions, seascapes have also been termed ‘ecoregions’ (Spalding et al., 

2007), ‘provinces’ (UNESCO, 2009) or ‘habitats’ (McQuaid et al., 2023). While seascapes are 
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useful at representing broad spatial scales, the ecological relevance of spatial units at finer 

scales is improved when biological data are explicitly incorporated (Brown et al., 2011; 

Eastwood et al., 2006; Przeslawski et al., 2011; Shumchenia & King, 2010).  

Ecosystem classification and mapping may be informed by data to various extents, and many 

different approaches have been used to define the groupings in a classification. Expert-derived 

classification schemes are hierarchical classifications (multi-level) derived through expert 

workshops, peer review and/or extensive literature (Connor et al., 2004; Davies et al., 2004; 

FGDC, 2012; Howell, 2010; Keith et al., 2020; Last et al., 2010; Lombard et al., 2004; 

Montefalcone et al., 2021; Roff & Taylor, 2000; Sink et al., 2012b; Spalding et al., 2007; Sutton 

et al., 2017; UNESCO, 2009). Expert-derived schemes may be informed by data, such as by 

‘ground-truthing’ with in-situ biological data, usually at lower levels of the classification e.g. 

habitats (Greene et al., 1999), biotopes (Davies et al., 2017) and ecosystem types (Sink et al., 

2019b). Data-driven (or numerical) approaches to classification, on the other hand, classify 

ecosystem types or habitats which are either directly informed by clustering environmental 

variables (Clark et al., 2011; McQuaid et al., 2020; McQuaid et al., 2023; Snelder et al., 2007) 

which may be biologically informed, or by directly classifying and predicting relationships 

between biological and environmental data (Buhl-Mortensen et al., 2015; Buhl-Mortensen et 

al., 2020; Hill et al., 2017; Leathwick et al., 2012; Neumann et al., 2017; Pitcher et al., 2018; 

Rubidge et al., 2016; Stephenson et al., 2022). The term ‘bioregionalization’ is used to 

describe mapped outputs of classifications directly informed by biological and environmental 

data, using data-driven approaches (Woolley et al., 2019). ‘Bioregion’ is therefore used in this 

study to refer to a region which has been spatially explicitly defined by both biological and 

environmental data, using data-driven approaches, and is relatively more homogenous in 

species’ assemblage structure and environmental characteristics than neighbouring regions 

(Woolley et al., 2019) at a particular scale of interest. 

Expert-derived approaches to classification are simpler and easier to understand, particularly 

for non-scientists, because there is essentially only one method for deriving hierarchical 

classification schemes (Rowden et al., 2018). While the usefulness of expert input cannot be 

denied, expert-derived classifications can have some drawbacks. They tend to be more 

subjective with respect to deciding where boundaries should be drawn and what constitutes a 

group (Jetz et al., 2019; Rowden et al., 2018). Expert-derived approaches can also be more 

time-consuming to update and less reproducible than data-driven approaches (Woolley et al., 

2019). Instead of largely relying on experts to define groupings, data-driven approaches to 

classification make use of statistical methods to produce groupings which are directly informed 

by georeferenced observations. When biological and environmental data are used to inform 
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bioregionalizations, clearer inferences into species-environment relationships associated with 

bioregions are provided (Rowden et al., 2018; Woolley et al., 2019). Quantifying uncertainty 

in predictions, validating models, and predicting bioregions across different spatial and 

temporal scales are easier to achieve with numerical approaches (Woolley et al., 2019). 

However, due to the vast number of statistical methods available for classifying and predicting 

biological and environmental data the choice of analysis and number of bioregions defined 

can be somewhat subjective (Rowden et al., 2018). Ultimately, the purpose of the mapped 

outputs should define what data to use or approach to implement (Costello, 2009; Strong et 

al., 2019). Other factors which may be considered include the type/s of data available, the 

analytical skills required (Brown et al., 2011; Diaz et al., 2004) and whether mapping practices 

are institutionally established or nationally mandated (Strong et al., 2019).  

Three broad approaches to data-driven bioregionalization have been recognised, based on 

the order that classification and prediction steps occur (Ferrier & Guisan, 2006). The ‘group 

first, then predict’ approach, as applied by Rubidge et al. (2016), initially defines biological 

groupings, often using a method of ordination such as hierarchical cluster analysis, whereafter 

groups are related against environmental predictors using a species distribution modelling 

(SDMs) technique (Guisan & Zimmermann, 2000). The ‘predict first, then group’ approach 

either uses multiple single SDMs or joint SDMs (JSDMs) which model multiple species 

simultaneously to relate species to their environment, after which clustering is performed to 

identify similar groups e.g. single-species SDMs (O'Hara et al., 2011) and JDSMs 

(Stephenson et al., 2021). There are fewer methods currently available for executing both 

classification and prediction steps simultaneously (Woolley et al., 2019), and existing methods 

have taken a finite mixture modelling approach e.g. Regions of Common Profile (RCPs, Foster 

et al., 2013) or a Bayesian approach (ter Braak et al., 2003). Both methods make use of latent 

class analysis (e.g. Weller et al., 2020) which assume a discrete number of unobserved groups 

(latent classes) exist that can explain patterns of species-environment relationships (details 

discussed in chapter 3). The most appropriate statistical method differs depending on the 

context, and ideally, multiple methods should be tested for a specific dataset to identify which 

analyses is better suited for a particular application (Norberg et al., 2019).  

Epifauna are defined in this study as invertebrates living on or protruding from the sediment 

and as those which are large enough to be visible from camera imagery, approximately > 2 cm 

(Rex, 1981). For the purposes of this study, the hyper-fauna (crustaceans living in the upper 

sediment or swimming just above) are broadly included in this definition due to their close 

relationship with the seafloor (Buhl-Mortensen et al., 2012). Epifaunal patterns often inform 

benthic maps (collectively with other faunal groups) as surrogates for biological diversity 



 8 

(Bowden, 2011; Buhl-Mortensen et al., 2015; Buhl-Mortensen et al., 2020; Howell, 2010; 

Limongi et al., 2023; Sink et al., 2019b; Stephenson et al., 2022), being recognized as 

sensitive indicators which respond relatively fast to environmental change or disturbance 

(Atkinson et al., 2011a; de Juan et al., 2007; Jørgensen et al., 2011). They have been 

acknowledged as important links between benthic and pelagic environments by performing 

crucial roles in nutrient and carbon cycling (Renaud et al., 2007), as food sources for many 

benthic and pelagic fish and invertebrates (Jørgensen et al., 2011), and as habitat forming 

structures which provide support and protection to other organisms (Buhl-Mortensen et al., 

2010; Kaiser et al., 1999). Their biological interactions also serve crucial functions by 

structuring assemblages through competition, predation and bioturbation of sediments 

(Osman & Whitlatch, 2004; Smith et al., 1986).  

Benthic epifauna respond to a variety of environmental drivers across scales (Levin et al., 

2001), and multiple predictors are likely relevant when predicting distributions of assemblages. 

Indirect gradients, which have no direct influence on species distribution but are correlated 

with those that do, can be adequate predictors for benthic assemblages at broad spatial scales 

(McArthur et al., 2010). These include variables such as latitude, longitude and depth which 

are easier to measure than direct gradients (variables that influence a species’ physiology) or 

resource gradients (variables consumed) (McArthur et al., 2010). Depth, in particular, has 

been consistently useful in predicting benthic distributions (Basford et al., 1990; Buhl-

Mortensen et al., 2012; Buhl-Mortensen et al., 2020; González-Irusta et al., 2015; Howell, 

2010; Lange & Griffiths, 2014; Leathwick et al., 2012; Snelder et al., 2007). However, since 

fauna respond to multiple factors which covary with depth (Rex, 1981), depth is a less reliable 

predictor at finer scales (de Juan et al., 2013; Howell, 2010; Lange & Griffiths, 2014).  

Direct gradients, such as seafloor salinity range, dissolved oxygen and bottom temperature, 

which are properties associated with different water masses (Buhl-Mortensen et al., 2020; 

Limongi et al., 2023; Neumann et al., 2017), have been shown to play a role in predicting 

epifaunal distributions, though also at broad spatial scales (Callaway et al., 2002; Leathwick 

et al., 2012; Rubidge et al., 2016; Stephenson et al., 2022). Sediment grain size (or substratum 

type) is considered to be a good predictor of epifaunal assemblages (Buhl-Mortensen et al., 

2012; Callaway et al., 2002; de Juan et al., 2013; Makwela, 2017; Pitcher et al., 2012), since 

sediment characteristics are correlated with direct drivers such as oxygen concentration and 

organic or microbial content (Snelgrove & Butman, 1995). Current speed, which affects food 

availability, has been shown to be an important predictor of epifaunal assemblages (Leathwick 

et al., 2012; Stephenson et al., 2022). In turn, seafloor variables derived from bathymetry (e.g. 

slope) which affect current speeds also influence epifaunal distributions (Bouchet et al., 2015; 
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Davies et al., 2009; Durden et al., 2015; Mohn & Beckmann, 2002; Wilson et al., 2007; Yesson 

et al., 2012). 

Resource gradients which affect energy available to species drive species’ distributions most 

directly by influencing their physiology and metabolism (Woolley et al., 2016). Particulate 

organic carbon (POC) flux and nutrient input related to surface primary production are thought 

to be significant in driving species distributions and maintaining diversity, especially in deeper 

environments (Levin et al., 2001; O'Hara et al., 2020; Rex, 1981; Woolley et al., 2016). 

Anthropogenic disturbances, such as bottom trawling, have also been shown to impact 

epifaunal distributions (Atkinson et al., 2011a; Callaway et al., 2002; Collie et al., 2000; de 

Juan et al., 2007; de Juan et al., 2013; Hiddink et al., 2017). Increased fishing effort is usually 

negatively correlated with diversity of epifaunal assemblages, though some burrowing and 

scavenging species can be found in higher abundances after fishing (Atkinson et al., 2011a; 

de Juan et al., 2007; de Juan et al., 2013). While biotic interactions are acknowledged as 

important drivers of epifaunal distributions (Ovaskainen et al., 2017), they are not considered 

in this study. 

Ideally, marine bioregionalizations incorporate data from a wide variety of faunal assemblages 

across multiple scales (Bowden, 2011; Buhl-Mortensen et al., 2012; Lecours et al., 2015; 

Silberberger et al., 2019), providing a view of benthic biodiversity patterns that is as holistic as 

possible (Jørgensen et al., 2011). No one type of sampling method can aptly target all benthic 

fauna, or even all epifauna, resulting in a wide range of methods (or gear types) with different 

advantages, limitations and applications (Jamieson et al., 2013; Przeslawski et al., 2018). 

Commonly used epifaunal sampling methods can either employ visual or direct sampling 

techniques (Costello et al., 2017). Visual sampling methods can reveal information on species 

behaviour and habitat associations e.g. remotely operated vehicles (ROVs, Adams et al., 

2020; de Mendonça & Metaxas, 2021), autonomous underwater vehicles (AUVs, Meyer et al., 

2019), towed camera systems (McIntyre et al., 2015) and drop cameras (Cooper et al., 2019). 

Direct sampling techniques can provide more reliable species identifications and cover greater 

extents e.g. beam trawls (Jørgensen et al., 2011), otter trawls (Cailliet et al., 1999), 

commercial bottom trawls (Trenkel et al., 2004), and benthic sleds and dredges (Clark & 

Stewart, 2016; Filander et al., 2022a) (discussed in more detail in Chapter 2).  

Different sampling methods may operate across multiple spatial and temporal extents with 

varying degrees of sampling effort which can create challenges for combining quantitative 

datasets (such as abundance or biomass) using classical statistical analyses. To combat this 

issue, occurrence data (presence-only or presence-absence) are generally used when 
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informing data-driven bioregionalizations, being more easily modelled and readily available 

(characterizing open-source databases e.g. OBIS) (Reiss et al., 2014). However, 

bioregionalizations based on abundance data are far more informative, revealing greater detail 

about species-environment relationships and identifying regions where species may thrive (as 

opposed to only tolerate) which is particularly useful for management applications 

(Stephenson et al., 2021). While some benthic sampling methods have been found to be more 

likely to detect congruent (i.e. similar) ecological patterns than others, comparisons 

across/between sampling methods have been inconsistent, and the degree of congruency 

appears largely contextual (Przeslawski et al., 2018). Quantifying biases and patterns 

collected between sampling methods is therefore necessary to inform the optimal combination 

and prioritisation of sampling methods to best describe biodiversity most effectively at multiple 

scales (Przeslawski et al., 2018). This enables decisions on how to weight different datasets 

for classifying and mapping bioregions when using a data-driven approach (Sink et al., 2023).  

A South African perspective 

The classification and mapping of marine ecosystem types in South Africa forms the basis of 

evaluating their protection and threat status and has implications for conservation and marine 

spatial planning (Harris et al., 2022b; Kirkman et al., 2021; Sink et al., 2019a; Sink et al., 2023). 

The current classification is hierarchical (4 levels) and follows an expert-derived data informed 

approach (SANBI, 2022; Sink et al., 2023). A new iteration of the South African national 

classification and map, informed by more datasets each time, has been produced every 5 to 

7 years as part of the National Biodiversity Assessment (Lombard et al., 2004; Sink et al., 

2012b; Sink et al., 2019b; Sink et al., 2023). An update with minor edits has recently been 

produced (SANBI, 2022) for improved alignment with the International Union for Conservation 

of Nature (IUCN) global ecosystem typology (Keith et al., 2020). At the lowest level, 

representing fine-scale biodiversity patterns and their drivers, 150 benthic ecosystem types 

(Figure 1.1) and 13 pelagic ecosystem types have been defined, based on biotic and/or abiotic 

factors (SANBI, 2022). Ecosystem types are nested within 54 biogeographic ecotypes 

(previously called substratum types), 16 functional ecosystem groups, and four bathomes: 

shore, shelf, deep-sea benthic and pelagic (SANBI, 2022). Six ecoregions (four continental 

shelf and two deep-sea ecoregions) were previously recognised at the highest level of the 

classification, which were defined as large biologically distinct geographical regions containing 

characteristic species (Sink et al., 2019b; Sink et al., 2023).  
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Implementing data-driven approaches to marine bioregionalization which are more 

transparent and can incorporate measures of uncertainty has been identified as an area of 

priority research focus for South Africa (Sink et al., 2019a; Sink et al., 2023). This would allow 

quantitative datasets to inform boundaries, since past classifications have largely relied on 

expert input informed by occurrence records collected from multiple sampling methods 

(Lombard et al., 2004; Sink et al., 2012b; Sink et al., 2019b). Datasets collected by annual 

research trawl surveys conducted by the Department of Forestry, Fisheries and Environment 

(DFFE) have good potential for informing data-driven bioregionalizations in South Africa due 

to their systematic design and regular collection of quantitative data on epifaunal assemblages 

since 2011 for both west and south coasts. It is, however, unknown whether assemblage 

patterns detected by research trawling are similar to other epifaunal datasets used to inform 

the classification and map. The congruency of patterns between different sampling methods 

thus has implications for how quantitative datasets might be integrated or prioritised when 

informing data-driven approaches. If patterns are congruent between sampling methods it 

could imply that fewer datasets may be needed to inform bioregionalizations, as one dataset 

could be used as a surrogate for the other (Mellin et al., 2011).  

Figure 1.1 Map of 150 benthic ecosystem types for South Africa’s Exclusive Economic Zone (EEZ). 
Map insert shows the ecoregions corresponding to the three coastal shelf biogeographic provinces. 
Key on following page (pg. 12). Source: Sink et al. (2019b:74-75).  
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While epifaunal biogeographic patterns have been investigated using trawl data on the 

western margin (Lange & Griffiths, 2014; Shah, 2018), their patterns have not been compared 

to other epifaunal sampling methods. In addition to research trawling, towed camera surveys 

conducted by the DFFE (previously the Department of Environmental Affairs) and the South 

African Environmental Observation Network (SAEON) are regularly used to collect 

quantitative data on epifaunal assemblages and have already informed ecosystem type 

delineation in South Africa (Sink et al., 2019b).  

This study is focused on benthic epifaunal assemblages which have been quantitatively 

sampled using research trawls and towed camera surveys on the Southern Benguela shelf, 

located on the western margin of South Africa. This was chosen as the study area since it has 

a relatively more comprehensive collection of research trawl and towed camera datasets 

suitable for comparison than the south coast. 

Study area 

Three biogeographic provinces have been acknowledged along the South African shelf 

(Figure 1.1): the cool temperate west coast (Southern Benguela ecoregion), the warm 

temperate south coast (Agulhas shelf ecoregion) and the warm subtropical east coast (Natal 

and Delagoa shelf ecoregions) (Emanuel et al., 1992; Sink et al., 2019b; Turpie et al., 2000). 

These patterns generally follow an increasing trend in biodiversity (e.g. species richness) and 

a decreasing trend in productivity (e.g. biomass) from west to east (Awad et al., 2002; 

Bustamante et al., 1995; Emanuel et al., 1992; Turpie et al., 2000). The western margin 

extends from the Namibian border to Cape Point along the coast and until approximately 21˚E 

offshore on the Agulhas Bank (Sink et al., 2019b) (Error! Reference source not found.). An 

area of overlap is recognised between the Southern Benguela and the Agulhas ecoregions 

from Cape Point to Cape Agulhas (Emanuel et al., 1992), with a high turnover in species 

composition (Awad et al., 2002). This oblique break between ecoregions is approximately 

where the Benguela and Agulhas Current Systems merge. The continental shelf is wide and 

gently sloping on the western margin, extending 240 km off the Orange River Mouth at the 

Namibian border, and is 50 km at its narrowest off Cape Point (de Wet & Compton, 2021). 

The shelf edge break is one of the deepest globally, occurring between 200–600 m (de Wet 

& Compton, 2021). The upper slope starts from just after the shelf edge until about 1000 m 

depth and was previously classified as part of the Southeast Atlantic Deep Ocean ecoregion 

(Sink et al., 2019b). There is limited knowledge of biodiversity patterns in deep ocean systems 

in South Africa (Sink et al., 2019b). 
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The functional ecosystem groups which occur within the study area include sandy shelves, 

muddy shelves, slopes and canyons (SANBI, 2022). The sediment across the shelf is mostly 

unconsolidated i.e. sand, muddy sand and gravel (Rogers & Bremner, 1991). Fine muddy 

sand is found along the shelf edge, and terrigenous muds rich in organic content are 

transported southwards along the coast from the Orange River mouth to Cape Columbine by 

a poleward undercurrent, forming an inner shelf mud belt (Rogers & Bremner, 1991). Diamond 

mining activities occur inshore near the Namibian border (Atkinson & Sink, 2008). Notable 

features along the shelf include Childs Bank plateau, southwest of Hondeklip Bay, and two 

major submarine canyons, namely the Cape Canyon off Cape Columbine and the Cape Point 

Valley off Cape Point (de Wet & Compton, 2021) (Error! Reference source not found.). The 

top of Childs Bank plateau occurs at about 180 m, with sandy substrate covering its flat top 

(de Wet & Compton, 2021). A diverse epifaunal community with dense ophiuroid beds and 

cold-water corals have been observed from video footage of Childs Bank (Sink et al., 2019b). 

Distinct and diverse epifaunal communities, including ophiuroid aggregations have been 

identified in the Cape Canyon (Filander et al., 2022a). 

Figure 1.2 Study area located on the southern Benguela shelf of South Africa showing major physical 
and oceanographic features. Map inserts show location of study area on the western margin of South 
Africa. Purple areas demarcate distinct upwelling cells. The approximate region where Low Oxygen 
Waters (LOW) occur is indicated. 
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The cool, equatorward flowing Benguela Current characterises the western margin (Shannon, 

1985) (Error! Reference source not found.). Dynamic wind-driven upwelling predominantly 

occurs over the shelf in the austral summer and spring, enriching the top layers with nutrients 

(Shannon & Nelson, 1996). Three upwelling cells, located off Hondeklip Bay, Cape Columbine 

and the Cape Peninsula are recognized along the west coast of South Africa where upwelling 

is intensified (Error! Reference source not found.). High productivity supports large species 

biomasses (Payne et al., 1989) and numerous important commercial fisheries, including 

demersal trawl, pelagic longline, small pelagic purse seine, line fishing and rock lobster 

fisheries (DEFF, 2020). Commercial trawling efforts, targeting mostly hakes, are concentrated 

on the shelf edge (Sink et al., 2012a). Persistent Low Oxygen Waters (LOW) result from 

decaying organic matter associated with high productivity (Jarre et al., 2015) are regular but 

variable features in the Namaqua subregion (north of Cape Columbine) and are most 

concentrated at depths shallower than 150 m (Error! Reference source not found.).  
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Study aims and chapter overview 

The aims of this research are to 1) determine whether epifaunal abundance patterns are 

structured similarly between two regularly employed epifaunal sampling methods on the 

southern Benguela shelf (western margin) of South Africa and to 2) determine whether existing 

epifaunal abundance and environmental datasets collected by research trawling can delineate 

suitable bioregional patterns using an available data-driven approach to bioregionalization. 

These aims propose to assist with advancing methods required to inform a data-driven 

approach to marine bioregionalization and ecosystem classification, a national research 

priority in South Africa (Sink et al., 2023).  

Chapter 2 addresses the first aim by quantifying and comparing epifaunal assemblage 

patterns detected by a towed camera and a research trawl so that their datasets can be 

appropriately prioritised or integrated when used in data-driven approaches. Various 

univariate and multivariate analyses, including an application of co-correspondence analyses 

(Co-CA), are used to compare species composition, diversity and assemblage structure 

between sampling methods. This is the first study to quantify epifaunal patterns between 

research trawls and towed camera surveys on the southern Benguela shelf of South Africa.  

Chapter 3 addresses the second aim by classifying and predicting bioregions through the 

application of a data-driven approach using epifaunal abundance data collected by research 

trawling. This is achieved by applying a relatively recently developed modelling approach to 

bioregionalization, ‘Regions of common profile’ (RCP), which can utilize abundance data and 

perform classification and prediction simultaneously, thereby enabling diagnostic tests of 

models and maps of prediction uncertainty for estimated bioregions. This study represents the 

first attempt at predicting spatially continuous epifaunal bioregions on the southern Benguela 

shelf using a data-driven approach.  

Chapter 4 discusses the implications of the main findings from chapter 2 and 3 towards 

monitoring and analysing patterns of biodiversity and makes recommendations towards 

informing a data-driven approach to marine bioregionalization in South Africa. Areas of further 

research and limitations of the study are identified. 
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CHAPTER 2: Comparing epifaunal assemblage patterns using a towed camera 

and a research trawl for the southern Benguela shelf of South Africa 

Abstract 

Quantifying abundance patterns and identifying sampling biases detected by various sampling 

methods is necessary for prioritizing and integrating datasets in data-driven approaches to 

bioregionalization. This chapter aims to determine the degree of similarity between patterns 

detected by a research trawl and a towed camera which routinely collect quantitative data on 

epifaunal assemblages on the southern Benguela shelf (western margin) of South Africa. 

Towed camera and research trawl sites were selected for comparison based on existing 

datasets using proximity of distance, depth and ecosystem type as selection criteria, 

identifying 18 pairs of sites. Univariate patterns of diversity amongst sites were assessed using 

linear correlations and patterns of species composition were graphically compared and 

assessed with Similarity of Percentages (SIMPER) analyses. To determine similarity in 

patterns of assemblage structure between sampling methods, a symmetric co-

correspondence analysis (Co-CA) was used to quantify cross-taxa congruency (covariance in 

diversity patterns of different taxa). Co-CA maximizes the covariation between species and 

observations in the community abundance matrices, allowing assemblages from the same 

location to be compared that have been collected by different sampling methods. Some 

evidence of congruence between epifaunal patterns detected by the towed camera and 

research trawl was found, based on highly correlated important Co-CA (r = 0.93, 0.93, 0.79, 

0.80), however, this was not significant (p > 0.05). No significant pattern in diversity was found 

between sampling methods. Sampling methods detected mostly different subsets of epifaunal 

assemblages. The towed camera detected small and patchily distributed taxa and sessile 

Anthozoans better, while the trawl detected patterns of larger bodied, highly motile Decapoda 

and cryptic Asteroidea better than the camera. Patterns were less similar at sites where the 

dominant species recorded by each sampling method was found in high abundance. These 

were the brittle star Ophiura trimeni, detected in high abundances by the towed camera and 

the hermit crab Sympagurus dimorphus, which dominated abundances detected by the 

research trawl. Both sampling methods provide different and complementary information 

about epifaunal assemblages and should ideally both be used when describing epifaunal 

distribution patterns. Findings suggest that congruency in patterns is context dependent, such 

as the habitat and species sampled and the spatial scale of interest, though further 

comparisons are recommended due to a low sample size possible for this study. 
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Introduction 

Quantitative data for benthic epifaunal assemblages from unconsolidated sediments on the 

southern Benguela shelf (western margin) of South Africa are primarily collected using towed 

cameras and research trawl surveys. In recent years towed cameras have been used 

successfully in South African waters, as an affordable and less invasive method of sampling 

epifaunal assemblages (Adams, 2017; Haley et al., 2017; Nefdt, 2022; van der Heever et al., 

2021; von der Meden et al., 2017). Towed camera surveys conducted on the west and south 

coasts by the Department of Fisheries, Forestry and Environment (DFFE) and the South 

African Environmental Observation Network (SAEON) have contributed valuable foundational 

knowledge of the outer shelf and slope (Sink et al., 2021). Annual research trawl surveys 

conducted by the DFFE systematically collect benthic data during the austral summer, 

covering the extent of both west and south coast shelves. While the main objective of these 

surveys has been the collection of data from commercially important demersal fish species to 

support management of fish-stocks, epifauna (as by-catch) have been routinely recorded and 

quantified since 2011 (Atkinson & Sink, 2018). This has contributed towards advancing 

knowledge of epifaunal species identifications and their distributions in the offshore 

environment (Atkinson & Sink, 2018). Species identified from research trawl surveys have also 

provided valuable baseline information from which to validate species observations from visual 

imagery. Due to considerable differences in sampling effort (area covered per site) and gear 

selectivity between sampling methods, they are proposed to target different subsets of the 

benthic epifauna. The congruency of epifaunal assemblage patterns detected by towed 

camera and research trawl sampling is, however, currently unknown. Several factors are likely 

to contribute towards detected patterns between sampling methods. 

Visual sampling methods have a lower ecological impact compared to direct sampling 

methods (Cailliet et al., 1999; Lirman et al., 2007; McCormick & Choat, 1987; McIntyre et al., 

2015; Spencer et al., 2005; Williams et al., 2015). With the advancement of technology, visual 

sampling methods have enabled the observation of new information which has not been 

achievable with direct sampling methods (Durden et al., 2016a; Solan et al., 2003). Species 

interactions, behaviour, habitat associations (Cailliet et al., 1999; de Mendonça & Metaxas, 

2021; Spencer et al., 2005; Trenkel et al., 2004; Williams et al., 2015) and impacts from 

demersal trawling (Collie et al., 2000; Magorrian, 1997) are just some types of information 

which can be observed from imagery. Seabed images have become valuable datasets for 

informing ecosystem  classifications by ground-truthing substratum types (Greene et al., 1999; 

Magorrian et al., 1995; Sink et al., 2019b). However, image quality can be hampered by factors 

such as speed of movement, sediment plumes and resolution (de Mendonça & Metaxas, 
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2021). Benthic imagery can be time consuming to process (Cailliet et al., 1999; Spencer et al., 

2005) and can result in varying levels of species detection and identification, depending on 

the skill level of analysts (Durden et al., 2016b). A lack of physical specimens to confirm 

identifications from imagery has resulted in the use of operational taxonomic units (OTUs) or 

morphospecies types, which are not always standardised across research institutes or 

countries (Howell et al., 2019). Furthermore, some species simply cannot be identified by 

imagery alone, while others may be underestimated due to photonegative responses 

(McIntyre et al., 2015; Trenkel et al., 2004; Uzmann et al., 1977). 

Direct sampling methods which collect physical specimens, such as trawls or dredges, provide 

more accurate species identifications and therefore may detect greater species richness 

compared to visual imagery (Williams et al., 2015). Physical specimens also provide better 

species’ life-history information (e.g. age or size), and the collection of tissue samples 

necessary for genetic or taxonomic studies (Cailliet et al., 1999; Uzmann et al., 1977; Williams 

et al., 2015). Such collection of physical specimens is indispensable for establishing inventory 

lists during baseline or exploratory surveys (Przeslawski et al., 2018). Trawling and dredging, 

however, are known to underestimate epifaunal densities (Cailliet et al., 1999; Jamieson et 

al., 2013; McIntyre, 1956; Spencer et al., 2005; Uzmann et al., 1977; Williams et al., 2015). 

Trawls and dredges are limited by their net mesh sizes and therefore poorly detect species 

smaller than the net mesh size (de Mendonça & Metaxas, 2021; Trenkel et al., 2004). Sessile 

Anthozoans, such as Pennatulaceans, which can retract into the sediment, may also be poorly 

detected (de Mendonça & Metaxas, 2021). Trawls may have a greater vertical coverage above 

the seafloor, however, and are therefore better at detecting hyper-benthic species which occur 

just above the seabed (Trenkel et al., 2004).  

Direct comparisons can be challenging when sampling efforts are at different scales, since 

standardizing effort across scales is not advisable (Lecours et al., 2015). Most studies which 

have explicitly compared a direct (either trawl or sled) and visual (either towed camera or 

ROV) benthic sampling method have found inconsistent patterns, acknowledging trade-offs 

between both approaches (Cailliet et al., 1999; de Mendonça & Metaxas, 2021; McIntyre et 

al., 2015; Spencer et al., 2005; Uzmann et al., 1977; Williams et al., 2015). Other studies 

which have compared assemblages across multiple spatial scales have found both 

inconsistent and consistent patterns in community structure, depending on the spatial scale of 

interest (Reiss et al., 2010; Silberberger et al., 2019). While some benthic sampling methods 

appear more likely to detect congruent ecological relationships (e.g. trawls/sleds and 

grabs/corers) compared to others (e.g. underwater visual census and grabs/corers), 

comparisons across sampling methods have been inconsistent, and the degree of congruency 
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is likely contextual (Przeslawski et al., 2018). Congruent spatial patterns between different 

assemblages (cross-taxa congruency) may indicate that different assemblages have similar 

responses to environmental conditions, trophic interactions or that they share bio-

geographical or evolutionary histories, while incongruent patterns may indicate weak 

interactions or different responses (Gioria et al., 2011; Toranza & Arim, 2010). 

Co-correspondence analysis (Co-CA) can be a useful approach to quantify patterns of cross-

taxa congruency between assemblages directly (Alric et al., 2020; Gioria et al., 2011). Co-CA 

maximizes the covariation (common variance) between species and observations in the two 

community matrices being related, provided the assemblages are collected from the same 

location (or sampling unit) (ter Braak & Schaffers, 2004). Co-CA follows an eigenanalysis-

based approach (weighted averaging) to assign species and site scores, such as in 

correspondence analysis (CA), with ‘weight’ denoting the species’ abundance. Weighted 

averaging techniques assume a unimodal response and are appropriate for modelling species 

abundance data. Co-CA also appropriately handles the high dimensionality of multivariate 

data (greater number of species variables than site samples) and data with many rare species 

(many zeros) due to its use of the Chi-square distance (Alric et al., 2020; ter Braak & Schaffers, 

2004). Since the data of each matrix being compared can be recorded on a different scale (ter 

Braak & Schaffers, 2004), this is a useful approach for directly quantifying patterns between 

different sampling methods which have been collected with various degrees of sampling effort. 

This study presents the first quantitative comparison between a towed camera and research 

trawl on the southern Benguela shelf (western margin) of South Africa. The research in this 

chapter aims to determine the extent of congruency (alignment) in epifaunal assemblage 

patterns collected by a towed camera and a research trawl. The objectives are to quantify and 

compare patterns of diversity, species composition and assemblage structure between 

sampling methods using various univariate and multivariate techniques.  
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Methods 

Site selection 

Eighteen pairs of towed camera and research trawl sites were compared in this study (Figure 

2.1). Available towed camera and research trawl sites were selected for comparison if they 

occurred at approximately the same location. A 25 nm2 (~86 km2) grid block was used as the 

maximum distance between pairs of sites, based on the size of a demersal research trawl 

survey grid block (Figure 2.1). Pairs of sites were only compared if they occurred within the 

same ecosystem type (as per Sink et al., 2019b) and differed by no more than 50 m in depth. 

Figure 2.1 Research trawl (r) and towed camera (l) sites (1–18) collected on the southern Benguela 
shelf of South Africa which were compared in this study. Map inserts show location of study area on 
the western margin of South Africa. Demersal survey grid blocks (£) represent the area covered by 
the west coast research trawl survey. One grid block represents 25 nm2. Ecosystem type boundaries 
are outlined in grey and sites are coloured by ecosystem type: ¢Southern Benguela Sandy Shelf Edge 
(2, 3, 4, 5), ¢Southern Benguela Sandy Outer Shelf (1, 7, 8, 11, 12), ¢Southern Benguela Outer Shelf 
Mosaic (15), ¢Southern Benguela Muddy Outer Shelf (16, 17), ¢Childs Bank Plateau (6), ¢Southeast 
Atlantic Upper Slope (9, 18), ¢Cape Upper Canyon (10, 13, 14). 
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Towed camera and research trawl sites compared were an average distance of 4.9 ± 0.8 km 

away from one another and were furthest apart at site 18 (14.2 km) and closest at site 1 

(1.5 km, Table 2.1). The selected sites covered a depth range of 154–703 m across the shelf 

and occurred across seven ecosystem types which encompassed sandy, muddy and mixed 

substratum types (Table 2.1). The greatest proportion of sites were located within sandy 

substratum (‘Southern Benguela Sandy Outer Shelf’ or ‘Southern Benguela Sandy Shelf 

Edge’, Table 2.1).  

 

In total, sites were extracted from three research trawl surveys and five towed camera surveys 

collected between 2016 and 2020 and pairs of sites differed by no more than two years (Table 

2.2). The discrepancy in sampling year was not considered a major limitation, since benthic 

epifaunal assemblages are known to remain relatively consistent over long periods of time 

(e.g. Lacharité & Metaxas, 2018).  

Sampling effort differed substantially between the research trawl and towed camera, since the 

area of each trawl site was based on swept area, while the area of each towed camera site 

was based on the area analysed from 30 randomly selected images along a transect. With an 

average area sampled per site by the research trawl of 85731.14 ± 2345.47 m2, compared to 

Table 2.1 Pairs of towed camera and research trawl sites (1–18) compared in this study, showing the 
distance between towed camera and research trawl sites (m), the depth range (m) and ecosystem type 
(coloured) of each site. Distances between pairs of sites are measured from each site’s starting 
coordinates. 
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21.27 ± 1.83 m2 by the towed camera, the research trawl sampled an area that was on average 

4000 times greater than that of the towed camera per site (Table 2.2).  

Table 2.2 Site summaries for towed camera and research trawl sites selected for comparison. Mean ± 
SE values are shown in bold. Total areas (m2) represent those before standardisation and were 
computed as swept area for the trawl and analysed area from images for the towed camera. Transect 
length and depth were rounded off to the nearest meter. A dash (–) indicates data unavailable. Surveys 
were collected by the DFFE or SAEON as indicated and were from the Integrated Ecosystem 
Programme (IEP, Filander et al., 2022b), a Cape Canyon Survey (CCS), the Benthic Trawl Experiment 
(BTE) and a West Coast Visual Survey (WCVS). The trawl survey number represents the voyage 
number. 
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Data collection 

Research trawl 

Epifaunal abundance data obtained from research trawl surveys were collected over the 

western margin of South Africa during the years 2017, 2019 and 2020. Trawl surveys covered 

an area of operation from 20˚E to the South African-Namibian border and extended from the 

coast (minimum of 30 m) to the 800 m depth contour, although some isolated trawls have 

been conducted up to 1000 m. Surveys were conducted on board the research vessel FRS 

Africana during the austral summer (Jan–Feb) over a six-week period. Each survey had a 

target of 125 trawls of 30 minutes tow duration each, towed at a constant speed of 3.5 knots. 

A pseudo-random depth stratified survey design was applied, with the number of sites in each 

depth and longitude stratum being directly proportional to the area of each stratum (Atkinson 

et al., 2011b; Badenhorst & Smale, 1991; Yemane et al., 2008). Trawling occurred during 

daylight hours (30 minutes after sunrise and 30 minutes before sunset) to align with 

established protocol based on the daily behavioural cycle of the target species’, the Cape 

hakes Merluccius capensis and M. paradoxus, (Pillar & Barange, 1997). 

The trawl gear consisted of a four-panel 180 ft (55 m) German otter trawl net, with 9 m sweeps 

and 1.5 t Morgere multipurpose otter boards (Atkinson et al., 2011b; Yemane et al., 2008) 

(Figure 2.2). The 75 mm mesh cod-end was lined with a sleeve of pilchard netting (35 mm 

mesh, Yemane et al., 2008) for retaining large and small fish and consequently many of the 

invertebrates. For reasonable calculations of biomass and swept area estimates, door-spread 

and vertical mouth opening of the trawl net were recorded for each trawl. Approximate 

measures were a door spread of 60–75 m, a vertical mouth opening of 3–4 m and a horizontal 

mouth opening of 20–29 m (Atkinson et al., 2011b). Swept area was calculated using the 

following equation (Atkinson et al., 2011b):  
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All benthic invertebrates retained in the trawl net were recorded and sorted to lowest possible 

taxon, counted and weighed, yielding abundance and biomass for each species. Atkinson & 

Sink (2018) was referred to as a guide for identification and preservation of invertebrate 

species for surveys in 2019 and 2020 and to validate species observations from 2017. Species 

identifications were cross-referenced in the World Register of Marine Species (WoRMS 

Editorial Board, 2023). 
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Towed camera 

For this study, epifaunal abundance data were extracted from high-definition oblique images 

and videos of the seabed obtained from two similar models of the Ski-Monkey towed camera 

system [Sea Technology Services (Pty) Ltd, Cape Town] (Figure 2.3). Images were obtained 

from surveys collected between 2016 and 2019 by the Ski-Monkey III (SAEON) and the Ski-

Monkey II (DFFE) systems. Both towed camera systems operated to depths of approximately 

700 m, following the same standard operating procedures between surveys (von der Meden 

et al., 2021).  

Figure 2.2 Otter trawl gear used by the research trawl surveys in this study showing: A) Trawl net being 
hauled in with catch in-tact and net wings with headline and sweeps visible B) Close-up of headline with 
floats on deck C) Trawl door (Otter board) D) Landing catch on deck and E) Top view of trawl net and 
winch on aft deck. All photos taken on board FRS Africana. Source: L.J. Atkinson, 2011. 
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The Ski-Monkey towed camera system consisted of a custom-build waterproof camera 

housing fitted on a heavy steel frame (± 450 kgs) with skis (Figure 2.3), allowing it to be towed 

along the seabed. Two LED lamps were fitted to the housing to illuminate the seafloor. A 

Canon EOS 760D digital camera was mounted in the housing at a 45˚ angle relative to the 

horizontal plane, approximately 90 cm above the seafloor. The Ski-Monkey system was fitted 

with three lasers in a triangular configuration, enabling quantification of the processed seabed 

area in each image. At each towed camera site, the Ski-Monkey system was lowered off the 

stern of the ship until contacting the seafloor and towed behind the vessel at approximately 

0.5–1 knot for 30 minutes, resulting in an average transect length of 608 ± 78 m in this study 

(Table 2.2). A stainless-steel electromechanical sea cable, incorporating two copper 

conducting cores allowed for live viewing of the seabed via the camera onto a computer screen 

onboard the vessel, where the camera shutter and settings were controlled. As many non-

overlapping images and videos were taken as permitted by seabed conditions and visibility.  

Images were analysed with SeaGIS Transect-Measure © (www.seagis.com.au/transect, user 

license owned by SAEON) software to extract epifaunal densities from images (Figure 2.4). 

All suitable, good quality images (in focus, with seabed and lasers visible) were identified for 

Figure 2.3 The Ski-Monkey II towed camera system. Source: L. Adams, 2018. 
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each site and 30 images were analysed per site. Previous tests of epifaunal species-area 

accumulation have shown that 20–25 images (or a processed area of 8.3-11.5 m2) sufficiently 

capture approximately 80 % of the species richness (Adams, 2017). The analysis of 20–30 

images per station is currently a standard approach in South Africa (e.g. Haley et al., 2017; 

Nefdt, 2022; von der Meden et al., 2017). All epifauna within a defined area of good visibility 

within an image were identified and counted in this study (Figure 2.4).  

Where sites had more than 30 suitable images for analysis, images were selected at random 

(Table 2.3). Where sites had fewer than 30 suitable images available, image stills extracted 

from video were additionally analysed (Table 2.3). Using the three-laser configuration and a 

customised Transect-Measure modelled calculation, either a 'laser calibration file' (when pre- 

or post-survey in-pool calibrations were available) or a 'generic calibration file' (when no pre- 

or post-survey in-pool calibrations were available and for all images extracted from video) 

were used to quantify the area of seabed processed per image (Table 2.3). Differences in 

calculated area between laser and generic calibrations files was deemed to be less than 5%, 

Figure 2.4 Example of a towed camera image processed using SeaGIS Transect-Measure ©. The inner 
quadrat represents the calibrated area of the image (based on the three laser points), and the outer 
quadrat represents the total area processed in the image, based on visibility. White labels (displaying 
phylum) show where a species was detected and counted. 
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with the laser calibration giving marginally more accurate scaling, hence being considered 

optimal when in-pool calibrations are available.  

 

Data preparation 

Pelagic species (jellyfish and salps) were excluded from this study, being poorly sampled by 

demersal trawl gear (Atkinson, 2009). Where identifications of benthic invertebrates from 

camera surveys could not be verified due to a lack of validation images, that record was also 

removed from the dataset. Estimating abundance for colonial species can be challenging, 

however, a similar approach was followed for counting colonial organisms in trawl surveys and 

in towed camera imagery. All species belonging to the phyla Porifera, Bryozoa, Ascidiacea 

and Cnidaria were intuitively counted as one individual if it was readily distinguishable from 

other colonies. For species which only had biomass recorded, biomass was converted to 

counts based on abundance estimates from previous surveys (nine occurrences of eight 

species, Appendix A). Since densities were not directly comparable between the two sampling 

Table 2.3 Number of images and video stills analysed for each towed camera site, showing 
corresponding pixel size and whether a laser calibration file was used. Where no laser calibration 
file was available (N), a generic calibration was applied. An asterisk (*) denotes that at least one 
image in that site had pixel dimensions of 6000 x 3368. NA = Not Applicable (i.e. where no video 
footage was analysed). 
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methods due to the inconsistent sampling effort and discrepancy in area sampled between 

methods, area was standardized within methods only. Densities collected by the towed 

camera were standardized to individuals.m-2 and densities collected by the research trawl 

were standardized to individuals.1000 m-2. 

Statistical analyses 

Univariate comparisons 

Number of species 

The total number of species for the most abundant epifaunal groups detected by each method 

was calculated across sites. Epifaunal groups were represented at the Class level, except for 

Malacostraca which was represented at the Order level due to the relatively greater 

contribution to richness of this Class. Classes with fewer than four species detected across 

methods were grouped into an ‘Other’ category. To highlight compositional similarities and 

differences in species richness detected by sampling methods, a Venn diagram was used. 

Relative density 

Relative densities (%), represented by pie charts, of the most abundant epifaunal Classes and 

species were calculated for each sampling method. Relative densities were based on species 

averages across sites and then aggregated by Class. Classes which contributed less than 

1 % to overall density detected by each method were grouped into an ‘Other’ category. 

Relative densities of the five most abundant species detected by each method on average 

were represented by pie charts. Stacked bar charts were used to highlight differences in 

species relative densities of the five most abundant species for selected sites.  

Diversity indices 

Diversity indices: number of species (S), number of individuals (N), Pielou’s evenness (J’) and 

Shannon diversity (H’), were calculated for each towed camera and trawl site in PRIMER v7 

(Clarke & Gorley, 2015) using the recommended defaults. Shannon diversity was based on 

the natural log (to the base e). Due to inconsistent sampling effort between methods, diversity 

was only compared relatively, based on correlation between sites. To assess whether 

epifaunal diversity was significantly correlated between sampling methods scatterplots were 

used and a linear regression line (±SE) was added to plots using the ‘ggpubr’ package 

(Kassambara, 2020) in R (R Core Team, 2021), RStudio (RStudio Team, 2021). The 

regression coefficient, R, and associated p-value were calculated to assess the strength and 
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significance of relationships. The logarithmic scale was applied to better visualize the 

relationships of number of species (S) and individuals (N). 

Multivariate comparisons 

Species contributions to similarity 

One-way similarity of percentages (SIMPER) analyses were performed in PRIMER v7 for each 

sampling method to highlight the species which contributed the most to the average similarity 

within each sampling method. A fourth-root transformation was applied to reduce the weight 

of highly abundant species (Field et al., 1982). The contribution (80 % cut-off) of the species 

responsible for the similarity within methods was calculated using the Bray-Curtis measure of 

similarity on the fourth root transformed species matrices (Clarke et al., 2014).  

Co-correspondence of community patterns 

To quantify and test for community concordance between sampling methods, a symmetric co-

correspondence analysis (Co-CA, ter Braak & Schaffers, 2004) was performed in RStudio 

using the ‘coca’ function from the ‘cocorresp’ package (Simpson, 2009). The symmetric Co-

CA differs from the predictive form in that neither of the community matrices plays the 

explanatory or the predictive role (ter Braak & Schaffers, 2004). Species abundances were 

log+1 transformed to downweigh the contributions of highly abundant species (ter Braak & 

Schaffers, 2004). Log transforming data has been advised when variables are strongly 

skewed, as with count data (Kenkel, 2006; ter Braak & Smilauer, 2015). Co-CA relates the 

two abundance matrices by assigning common site weights, defined here as the average of 

the row sums of each site x species matrix (ter Braak & Schaffers, 2004). The co-structure of 

the community matrices is quantified by maximising the covariation between the weighted 

average species scores between abundance matrices, thereby identifying patterns common 

to both communities being compared (ter Braak & Schaffers, 2004). Important axes explaining 

most of the co-structure were retained, using a scree-plot as a visual aid. The variance (%) 

explained for each abundance matrix by the important axes was then quantified. Pearson 

product-moment correlation coefficients were calculated for important axes and indicate the 

strength of the relationship between sample scores being compared. Correlations range from 

0-1 and therefore do not indicate if relationships between sample scores were negatively 

correlated. A Monte-Carlo permutation test (n = 9999 repetitions) was performed to evaluate 

the significance of the association between communities using the ‘randtest.coca’ function 

developed by (Alric et al., 2020). 



 31 

The ‘adegraphics’ R package (Siberchicot et al., 2017) was used to construct ordination biplots 

for the first two axes, plotting towed camera and trawl species and site scores based on code 

developed by Alric et al. (2020). Interpreting the biplots uses the centroid principle and biplot 

rule (ter Braak & Schaffers, 2004). Sites are plotted at the centre of the species they contain, 

and species are plotted in the centre of the sites they were recorded in (centroid rule). The 

origin (located at 0) indicates the mean co-variance and samples located further from the origin 

indicate stronger co-associations between them (biplot rule). 
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Results 

Univariate comparisons 

Number of species 

A total of 104 species from 20 epifaunal groups were detected across the 18 sites sampled 

(Figure 2.5). The research trawl detected 83 species and the towed camera detected 61 

species, with 40 species (38 %) detected by both sampling methods (Figure 2.5). The richest 

Class detected by the towed camera was Anthozoa (13 species), while the richest Class 

detected by the trawl was Decapoda (21 species, Figure 2.5). Asteroidea species were poorly 

detected by the towed camera compared to the trawl (Figure 2.5). A greater proportion of 

species were identified to species level by trawl sampling compared to towed camera 

sampling, at 81 % and 57 % respectively (Appendix B). 

Relative density 

Epifaunal abundance detected by the towed camera was dominated by Ophiuroidea (89 %), 

while abundance detected by the trawl was dominated by Decapoda (82 %, Figure 2.6). 

Conversely, Decapoda and Ophiuroidea only represented 2 % of the densities detected on 

Figure 2.5 Venn diagram of the total number of epifaunal species recorded by the towed camera (blue) 
and research trawl (purple) across the 18 sites, showing the overlap in species sampled by both 
methods (blue/purple). Circles are scaled to present the total number of species recorded by methods. 
Numbers show counts of species for major taxa (species icons) and icons are scaled in size to represent 
that number. Major taxa are at the Class level, except for Malacostraca (Decapoda) – shown at the 
Order level due to its large contribution to composition. Classes with fewer than 4 species recorded 
across methods were grouped into an ‘Other’ category and details are shown in Appendix B. 
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average by the towed camera and trawl, respectively (Figure 2.6). While Asteroidea was the 

second most dominant Class detected by the trawl (6 %), it contributed very little to the density 

detected by the towed camera (< 2 %, Figure 2.6).  

The sampling methods detected different dominant species (Figure 2.7). The five most 

abundant species detected by each sampling method accounted for 95 % and 83 % of the 

densities detected by the towed camera and trawl, respectively (Figure 2.7A and B). The small 

brittle star Ophiura trimeni dominated densities detected by the towed camera (88 %), and the 

hermit crab Sympagurus dimorphus was the most abundant species detected by the trawl 

(65 %, Figure 2.7A and B). These dominant species, O. trimeni and S. dimorphus, were 

abundant at different sites and ecosystem types (Figure 2.7C and D). The hermit crab 

S. dimorphus was the most abundant across the ‘Southern Benguela Sandy Outer Shelf’ (sites 

7, 8 and 11) and the ‘Southern Benguela Outer Shelf Mosaic’ (site 15, Figure 2.7D). The brittle 

star O. trimeni was the most abundant across the ‘Southern Benguela Sandy Shelf Edge’ 

(sites 2, 3 and 5) and the ‘Cape Upper Canyon’ (sites 10, 13 and 14), where it contributed to 

> 50 % of the density at those sites (Figure 2.7C) and occurred in dense beds of aggregations 

(Appendix D).  

Diversity indices 

Diversity measures showed no significant linear relationships detected by the sampling 

methods (Figure 2.8). The strongest relationship in diversity patterns between sampling 

methods was for the log of the number of species (S) which exhibited a positive linear 

relationship amongst sites that was marginally significant (R = 0.47, p = 0.052, Figure 2.8A). 

Figure 2.6 Relative densities (%) for the most abundant epifaunal groups detected by towed camera 
and research trawl sampling methods. Densities are based on species averages across sites which 
were then aggregated at the Class level. Classes contributing less than 1 % to density were grouped 
into an “Other” category. Based on densities standardised to individuals.m-2 for the towed camera and 
individuals.1000 m-2 for the trawl. Further details provided in Appendix C. 
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At site 1, a substantially higher number of 36 species was detected by the trawl compared to 

11 species detected by the towed camera (Figure 2.8A). The log of the number of individuals 

(N) detected between sampling methods was slightly negatively correlated, though this was 

non-significant (R = -0.031, p = 0.9, Figure 2.8B). At sites 7 and 8 (dominated by S. 

dimorphus), a relatively higher number of individuals was recorded by the trawl, while a 

relatively higher number of individuals was recorded by the towed camera at site 10 

(dominated by O. trimeni, Figure 2.8B). Weak relationships between sampling methods were 

detected for Pielou’s evenness (J’) and Shannon diversity (H’) and were therefore not shown.  

 

Figure 2.7 Relative densities (%) for the five most abundant epifaunal species on average detected by 
A) towed camera and B) research trawl sampling methods overall and by C) towed camera and D) 
research trawl sampling methods at selected sites. Only sites are shown where either Sympagurus 
dimorphus (sites 7, 8, 11 and 15) or Ophiura trimeni (sites 2, 3, 5, 10, 13 and 14) were the most 
abundant. Sites numbers are coloured by ecosystem type: ¢Southern Benguela Sandy Shelf Edge (2, 
3, 5), ¢Southern Benguela Sandy Outer Shelf (7, 8, 11), ¢Southern Benguela Outer Shelf Mosaic (15), 
¢Cape Upper Canyon (10, 13, 14). Percentages not labelled in pie charts indicate a relative contribution 
to density of 1 %. Based on densities standardised to individuals.m-2 for the towed camera and 
individuals.1000 m-2 for the trawl. Further details provided in Appendix C. 
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Multivariate comparisons 

Species contributions to similarity 

SIMPER analyses revealed comparable similarity among the 18 sites when sampled by the 

towed camera (22.66 %) and the trawl (20.44 %), although a greater number of species 

contributed to the average similarity within trawl samples in comparison (trawl = 14 species, 

towed camera = 9, Figure 2.9). Different species were responsible for the similarity within each 

sampling method, with the exception of the hermit crab S. dimorphus, the only species which 

contributed towards the average similarity within both sampling methods (Figure 2.9). An 

unidentified anemone species Actinaria spp. contributed the most to the average similarity 

among the 18 sites sampled by the towed camera (4.54 ± 1.18, Figure 2.9). While the brittle 

star O. trimeni contributed the most to the relative density sampled by the towed camera 

(Figure 2.7A), it did not contribute the most to average similarity within sites sampled by the 

towed camera (3.59 ± 1.80, Figure 2.9). S. dimorphus was the highest contributing species to 

average similarity within trawl sites (3.43 ± 1.09, Figure 2.9).  

The eight species contributing the most to average similarity within sampling methods were 

on average smaller when detected by the towed camera (5.8 cm) compared to the trawl 

(12.3 cm, Figure 2.10). These species ranged in size between 2–10 cm when detected by the 

towed camera and between 7–18 cm when detected by the trawl (Figure 2.10). 

Figure 2.8 Correlation plots of diversity indices (A–B) between towed camera and research trawl sites 
(numbered 1–18). Line of linear regression (y) shown in blue ± SE in grey. Regression coefficients (R) 
and associated p-values (p) are shown. Diversity indices were calculated in PRIMER 7 using the 
recommended defaults. The log scale was used for easier visualization. 
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Co-correspondence analysis 

The fitted symmetric co-correspondence (Co-CA) model (with all axes) explained 97.81 % of 

the total inertia sampled by the towed camera and 97.97 % of the total inertia sampled by the 

trawl (Table 2.4). Most of the covariation between towed camera and trawl samples (73.31 %) 

was explained by the first four axes (Axis 1: 26.24 %, Axis 2: 20.50 %, Axis 3: 15.29 %, Axis 

4: 11.28 %, Table 2.4) and as indicated by the scree-plot showing the decomposition of 

eigenvalues along the axes (Figure 2.11). With the first four axes retained, the model 

explained a substantial proportion of the total towed camera and trawl sample variances, 

51.75 % and 42.71 % respectively (Table 2.4). Covariation between towed camera and trawl 

sample scores were strongly correlated on the first two axes (r = 0.93, 0.93, Table 2.4). The 

third and fourth axes were correlated, but not as strongly (r = 0.79, 0.80, Table 2.4). Monte-

Figure 2.9 SIMPER results for towed camera and research trawl sampling methods representing 
epifaunal species contributions to average similarity (up to 80% Bray-Curtis similarity) within each 
sampling method (+ SE), based on 4th-root transformed abundance data. Average similarity within 
towed camera and trawl sites was 22.66 and 20.44 respectively. Colours represent Classes. 
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Carlo permutation tests performed on all Co-CA axes indicated covariation between sample 

scores were not significant (p = 0.386, Table 2.4).  

Ordination biplots plotted for the first two axes represented 46.74 % of the covariance between 

methods and accounted for 33.80 % and 17.30 % of the variance in the towed camera and 

trawl datasets, respectively (Figure 2.12). Sites from the same ecosystem type and depth 

occupied similar positions in the plots for both methods (Figure 2.12). Sites from the ‘Childs 

Bank Plateau’ (site 6), the ‘Southern Benguela Muddy Outer Shelf’ (sites 16 and 17), the 

‘Southern Benguela Outer Shelf Mosaic’ (site 15) and the ‘Southeast Atlantic Upper Slope’ 

(sites 9 and 18) were similarly located on the plots for trawl and towed camera. While 

environmental drivers were not investigated here, the shallower sites separated out to the left 

of the origin, and the deeper sites separated out to the right of the origin for both towed camera 

and trawl samples (Figure 2.12). However, sites from the ‘Southern Benguela Sandy Shelf 

Edge’ (sites 2, 3, 4 and 5) and the ‘Cape Upper Canyon’ (sites 10, 13 and 14) clustered closer 

to the origin (i.e. were more similar to the mean co-variance) when detected by the towed 

Figure 2.10 Representative images of the top eight species contributing the most to the 80 % Bray-
Curtis similarity within sampling methods, based on SIMPER results. A. Actinaria spp. B. Polychaeta 
spp. C. Ophiura trimeni D. Munnopsurus mimus E. Adeonella spp. F. Ophiuroglypha costata G. 
Sympagurus dimorphus H. Parapontophilus gracilis I. Luidia sarsii africana J. Crossaster penicillatus 
K. Mursia cristiata L. Psilaster acuminatus M. Actinostola capensis N. Actinauge granulata O. 
Fusitriton magellanicus. Source: SAEON and DFFE. 
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camera compared to the trawl (Figure 2.12). Conversely, sites from the ‘Southern Benguela 

Sandy Outer Shelf’ (sites 1, 7, 8, 11 and 12) were closer to the origin when sampled by the 

trawl (Figure 2.12). 

  

Table 2.4 Summary of symmetric co-correspondence analysis (Co-CA) of epifaunal towed camera and 
research trawl abundances. Pearson product-moment correlation coefficients indicate correlation 
between sample scores for each axes. Covariation explained (%) is the percent of co-structure between 
towed camera and trawl species tables explained by each axes of the Co-CA. Cumulative variance 
explained (%) is the total amount of variance explained for towed camera and trawl species tables by 
the Co-CA with each additional axes. Monte-Carlo permutation test with all axes was non-significant, 
p = 0.386. 
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Figure 2.11 Scree plot showing decomposition of eigenvalues across axes, based on symmetric 
co-correspondence analysis (Co-CA) of towed camera and research trawl epifaunal abundances. 

Figure 2.12 Ordination biplots for the first two axes, based on symmetric co-correspondence analysis 
(Co-CA) of epifaunal towed camera and research trawl abundances across 18 sites. Site scores (1–18) 
are coloured by ecosystem type: ¢Southern Benguela Sandy Shelf Edge (2, 3, 4, 5), ¢Southern 
Benguela Sandy Outer Shelf (1, 7, 8, 11, 12), ¢Southern Benguela Outer Shelf Mosaic (15), ¢Southern 
Benguela Muddy Outer Shelf (16, 17), ¢Childs Bank Plateau (6), ¢Southeast Atlantic Upper Slope (9, 
18), ¢Cape Upper Canyon (10, 13, 14). Species scores are represented by black crosses (Î). 
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Discussion 

This study was the first to quantitatively compare and test for congruence in epifaunal 

assemblage patterns between towed camera and demersal research trawl surveys on the 

southern Benguela shelf (western margin) of South Africa. Comparisons highlighted notable 

differences in composition and diversity detected by the towed camera and research trawl. 

Both sampling methods should ideally be utilised where possible to gain a broader view of 

benthic epifaunal assemblages (Jørgensen et al., 2011; Williams et al., 2015). Limited 

availability of sites which were close enough for comparison may have contributed towards 

inconclusive Co-CA findings. However, similarities and differences in assemblage patterns 

were noted between sampling methods. These were dependent on the dominant species 

detected and the ecosystem type sampled. While further testing is recommended, it is likely 

that congruence in assemblage structure between sampling methods depends on multiple 

factors (Mellin et al., 2011). This study shows comparisons are necessary to understand the 

advantages and limitations between different sampling methods so that they may be 

effectively applied to meet management objectives (Przeslawski et al., 2018).  

The towed camera and research trawl sampling methods compared in this study recorded 

mostly different subsets of benthic epifaunal assemblages. Size, motility, behaviour and 

spatial dispersion patterns of species appeared to be the most influential factors which 

explained differences in species’ selectivity between sampling methods. Characteristic 

species varied in size within each sampling method but were smaller on average when 

observed with the towed camera. Species smaller than the trawl’s net mesh size (35–75 mm 

in this study) e.g. the isopod Munnopsurus mimus (< 2 cm) were poorly recorded by the trawl 

compared to the towed camera. Other studies have reported similar net mesh sizes (de 

Mendonça & Metaxas, 2021; Trenkel et al., 2004), and failure to detect individuals smaller 

than the net’s mesh is a well-known limitation of trawl sampling (Costello et al., 2017; de 

Mendonça & Metaxas, 2021; Jamieson et al., 2013; Nybakken et al., 1998; Spencer et al., 

2005; Trenkel et al., 2004).  

Species with different motility and behavioural characteristics were contrastingly detected 

between the towed camera and trawl sampling methods. Specifically, a species’ attachment 

and behaviour within the sediment, speed of movement, potential sensitivity to light and 

location above the seabed influenced detection between sampling methods. The trawl 

recorded higher richness and relative densities of Decapods (crustaceans) compared to the 

towed camera. Of the benthic epifauna recorded in this study, Decapoda were the most motile, 

and may have been fast enough to move out of the towed camera’s path, which requires 
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slower tow speeds compared to trawling (McIntyre et al., 2015; Trenkel et al., 2004; Uzmann 

et al., 1977). Highly motile species can also be under-sampled by towed cameras due to 

photonegative responses (Cailliet et al., 1999; McIntyre et al., 2015). The towed camera had 

a limited field of view above the seafloor of approximately 90 cm, compared to the trawl, which 

had a vertical mouth opening of 3–4 m in this study. As a result, hyperbenthic species which 

hover just above the seafloor, such as prawns, can be poorly detected by the towed camera.  

Higher richness and relative densities of Asteroidea were detected by the trawl compared to 

the towed camera. Burying behaviours of Asteroidea, as observed in this study, hampered 

identification to species level for most Asteroidea encountered in towed camera images. 

Cryptic species, such as those which can burrow just below the sediment, are generally poorly 

detected by benthic imagery methods (McIntyre et al., 2015; Nybakken et al., 1998). On the 

other hand, Anthozoans which were able to retract into the sediment and escape capture from 

trawling e.g. Cerianthidae (burrowing anemones) were more readily detected by the towed 

camera. This has similarly been observed for several Pennatulacea (sea pen) species 

(Chimienti et al., 2018; de Mendonça & Metaxas, 2021). Anthozoans which may be firmly 

attached to the sediment or flexible enough to bend underneath the trawl net e.g. Antipatharia 

(black corals) and Alcyonacea (soft corals) were also better detected by the towed camera, 

as noted by Williams et al. (2015) for a benthic sled. These characteristics of Anthozoans 

contributed to the greater richness and relative densities of Anthozoans detected by the towed 

camera compared to the trawl.  

The trawl detected more species than the towed camera across the 18 sites sampled, 

recording 22 more species than the towed camera. Other studies have also found a direct 

epibenthic sampling method to detect higher taxonomic richness than a visual sampling 

method (Bowden, 2011; Williams et al., 2015), which was expected given the considerably 

larger area sampled by the trawl in this study. Additionally, physical specimens collected by 

the trawl allowed easier identification of species to a lower taxonomic resolution (Bowden, 

2011; Cailliet et al., 1999; Jørgensen et al., 2011; Williams et al., 2015), further contributing to 

the greater richness detected. Species identifications from imagery were sometimes 

hampered due to the low resolution of video stills which were processed for some sites, 

reducing species richness (de Mendonça & Metaxas, 2021; McIntyre, 1956; McIntyre et al., 

2015; Spencer et al., 2005; Uzmann et al., 1977). Limited knowledge of some epifaunal 

species observed by imagery which have not been recorded by trawling, also hampered 

species’ identifications from imagery. As such, unidentifiable species were sometimes 

grouped into higher taxa, further reducing richness detected by the towed camera (Durden et 

al., 2016a; Howell et al., 2019; McIntyre et al., 2015).  
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Although the towed camera observed higher total densities across sites compared to the trawl, 

densities were not compared directly due to discrepancies in sampling area between the two 

methods (Ellingsen et al., 2007; McIntyre, 1956). While previous studies have observed higher 

densities detected with towed cameras (Cailliet et al., 1999; McIntyre et al., 2015; Nybakken 

et al., 1998; Spencer et al., 2005; Uzmann et al., 1977; Williams et al., 2015), it is unknown to 

what extent the towed camera detected higher densities than the trawl, since species detected 

differed substantially in abundances between sampling methods.  

Diversity was not significantly correlated between the towed camera and research trawl. While 

richness exhibited a moderately positive linear relationship (although not significant), density 

was weakly negatively correlated. This can be explained by different spatial distribution 

patterns between the dominant species detected by each sampling method. The dominant 

species detected by the towed camera, the brittle star Ophiura trimeni, occurred in dense 

aggregations (Appendix D) but was poorly detected by the trawl due to its small size (< 1 cm 

disk diameter). Conversely, the hermit crab Sympagurus dimorphus dominated trawl detected 

abundances and was not as well detected by the towed camera. This could be due to 

S. dimorphus being motile enough to move out of the towed camera’s field of view. The brittle 

star O. trimeni was most abundant at sites along the shelf edge, including sites in the upper 

canyon, while the hermit crab S. dimorphus was most abundant at sites across the sandy 

outer shelf, similarly observed by Lange & Griffiths (2014) and Shah (2018). At sites where O. 

trimeni was present in high densities, richness and density of other species was low. Though 

O. trimeni aggregations have been poorly recorded in the literature, high density aggregations 

for the genus have been observed with a visual sampling method for O. ljungmani (Gage & 

Tyler, 1982; Tyler & Gage, 1980), O. bathybia (Rybakova et al., 2020) and O. sarsi (Fujita & 

Ohta, 1989). These studies similarity noted an absence of megafauna amongst the brittle star 

beds, with low diversity being characteristic of dense ophiuroid beds in general (Rex, 1983).  

Other studies have also found visual sampling methods were better at observing species 

which formed high density and patchy aggregations compared to trawling (Cailliet et al., 1999; 

de Mendonça & Metaxas, 2021; McIntyre, 1956; Trenkel et al., 2004). A study by McIntyre 

(1956) compared an Agassiz beam trawl, towed camera and Van Veen grab and noted that 

the trawl method was least efficient at sampling the dominant species, the brittle star 

Ophiothrix fragilis, which formed high density aggregations in patches, as observed by the 

towed camera. Since trawls aggregate species across larger distances, information on finer 

scale distribution patterns is lost (Basford et al., 1990). These findings suggest that species 

dispersion patterns at local scales are important explanatory variables for patterns detected 
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by towed camera and trawl sampling methods on the southern Benguela shelf of South Africa 

and should be considered when sampling (Trenkel et al., 2004). 

Overall congruence between assemblage structures detected by each sampling method was 

not significantly similar (Monte-Carlo permutation test). This could suggest that assemblage 

patterns differed between the towed camera and research trawl, however, similarities were 

observed in broad patterns. Although Co-CA axes were not significantly correlated, high 

correlations were found between important Co-CA axes (1–4), and a notable proportion of 

each dataset’s variance was explained by these axes. Sites were similarly separated along 

gradients of depth and ecosystem type between sampling methods (Co-CA biplots) which 

suggests at least some similarity in patterns between sampling methods at broad spatial 

scales. However, further investigation into whether sampling methods exhibited similar 

ecological patterns to these (and other) environmental drivers may be warranted to test this. 

Patterns of epifaunal assemblages are often well described by depth (Basford et al., 1990; 

Buhl-Mortensen et al., 2012; Ganesh & Raman, 2007; González-Irusta et al., 2015; Howell, 

2010; Leathwick et al., 2012; Snelder et al., 2007), so it is likely that both sampling methods 

were able to detect similar broad patterns of epifaunal communities reflecting changes in depth 

(or variables correlated with depth). Depth was similarly found to explain the most variation in 

epifaunal patterns detected by a research trawl survey on the western margin of South Africa 

(Lange & Griffiths, 2014).  

The different patterns of the dominant species, O. trimeni and S. dimorphus, likely explained 

the non-congruence in patterns detected between sampling methods, since these species 

were highly abundant at different sites. Weak congruence between assemblage patterns may 

imply that assemblages have different environmental (or species) responses, requirements or 

evolutionary histories (Gioria et al., 2011; Toranza & Arim, 2010). Differences in patterns of 

distribution between the dominant species detected in this study could suggest that factors 

such as intraspecific behaviour amongst O. trimeni (e.g. reproduction) or responses to food 

availability could be driving their patterns independently of other faunal taxa. However, it is 

possible that their predatory avoidance behaviour (Fujita & Ohta, 1989) may be somewhat 

congruent with other taxa (though negatively correlated). It is worth noting that Co-CA does 

not detect a negative correlation (Hanson et al., 2015), so even the strong correlations 

between axes scores in this study may have been negative.  

Previous studies comparing congruence between benthic communities have found similarities 

in broad scale (100s of kms) patterns between epifaunal and infaunal assemblages, explained 

by hydrodynamic variables, while patterns at meso (10s of kms) and fine (< 1km) scales were 



 44 

inconsistent with one another (Reiss et al., 2010; Silberberger et al., 2019). Epifaunal patterns 

compared between a trawling or dredging method and a visual imaging method have yielded 

inconsistent patterns of diversity, composition and assemblage structure (de Mendonça & 

Metaxas, 2021; McIntyre, 1956; Williams et al., 2015), though patterns in relative abundance 

have been found to be highly similar when only taxa sampled by both methods are compared 

(Nybakken et al., 1998). Interestingly, patterns of assemblage structure were found to be 

significantly similar on the western margin of South Africa between the same research trawl 

compared in this study and a grab sampling method for infauna (Brandt, 2022). However, not 

all taxa respond similarly to environmental variables and may exhibit different patterns even 

when sampled with the same sampling method. This was noted in a study by Ellingsen et al. 

(2007) that found more consistent patterns in species distributions between Polychaeta and 

Isopoda compared to Bivalvia, despite Polychaeta being sampled with a different sampling 

method to the other two faunal taxa. Whether different sampling methods detect similar 

patterns or not appears dependent on the context, including the type of habitat, taxa or location 

being sampled (Flannery & Przeslawski, 2015), which has implications for biological surrogacy 

(Mellin et al., 2011). As a result, the similar and different patterns observed in this study may 

be indicative of different responses exhibited across epifaunal taxa, giving rise to potentially 

varying degrees of congruency between towed camera and trawl sampling methods, 

depending on the taxa or habitat sampled. 

Limitations 

While a non-significant result may indicate that patterns were different between sampling 

methods, a low sample size of 18 sites available for comparison may have prevented a 

significant result from being detected, if there was one. While comparing sites post-hoc is a 

valid option in areas where surveys have not specifically deployed multiple sampling methods, 

further comparisons are recommended between sampling methods. This study was limited by 

the availability of previously collected data from towed camera and trawl sites, and as a result, 

paired sites may not have compared truly co-occurring assemblages (spatially and 

temporally). Although care was taken to compare sites that were from approximately the same 

location, limited ecosystem type validation (particularly at finer scales) prevented certainty of 

knowing whether towed camera and research trawl sites were collected from the same 

substratum or habitat types.  

As an example, the number of species detected at site 1 by the towed camera and research 

trawl differed substantially (36 by the trawl compared to 11 by the towed camera), suggesting 

that the trawl may have detected a more diverse community associated with a different 
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substratum or ecosystem type at that site. It is acknowledged that many ecosystem types are 

not homogenous at very fine spatial scales and more realistically resemble “mosaic” 

ecosystem types, highlighting the need to ground-truth ecosystem types offshore (Sink et al., 

2019b). It should however be noted, that while the large distances between sites compared 

may have hindered direct comparisons from being made, co-correspondence analysis is 

acknowledged to be robust enough to detect the congruence of broad ecological patterns 

between sampling methods across the shelf. This is because even though the sites compared 

differed in distances between them, their sampling units were relatively isolated i.e. sites 

compared were closer to each other than to any other site pair that was compared. More than 

likely, a greater number of samples may be needed to adequately detect patterns. As an 

example, a study by Reiss et al. (2010) similarly compared communities from different surveys 

with paired sites being up to 21 nm apart (a greater distance than used in this study), however, 

they were able to obtain a greater sample size of 130 sites. 

All sites compared were collected in the same season, however, most comparisons were 

made between sites collected in different years. Although sites compared differed by no more 

than two years, and epifauna are assumed to be relatively stable across short temporal scales 

(Lacharité & Metaxas, 2018), the dominant species observed by the towed camera suggests 

this was not necessarily the case in this study. Aggregations of the brittle star O. trimeni have 

not been studied on the South African shelf, however, studies of other Ophiura species, and 

indeed of many Echinoderms in general, suggest that high density aggregations, as observed 

in this study, are not necessarily stable features over long periods of time (Uthicke et al., 2009). 

The density of O. lyungmani aggregations has been thought to be related to reproduction, 

being synchronous spawners, with recruitment undergoing highly variable annual cycles in 

early spring (Gage & Tyler, 1982). It has been hypothesised that variable amounts of 

particulate organic matter reaching the seafloor from the surface may be driving the strong 

variability observed in recruitment (Tyler & Gage, 1980). Ophiura feeding aggregations are 

also known to occur around carcasses (Warner 1982), and high densities have been observed 

feeding on damaged fauna in areas after trawling activity has ceased (Ramsay et al. 1998).  

In this study, the highest densities of O. trimeni were observed along the shelf edge, where 

commercial trawling on the west coast is concentrated (Sink et al., 2012a). Notable increases 

in O. trimeni abundances have been observed after trawling has ceased along the western 

shelf edge of South Africa (Atkinson et al., 2022). These potential drivers imply that high 

variability in density over annual scales can be expected for O. trimeni and may therefore have 

affected differences detected between sampling methods. This is not to say that the trawl 

might have detected higher densities of O. trimeni if sites were better paired, since the trawl 
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is clearly not selective for this species. However, O. trimeni aggregations have been observed 

to exclude other species or physically avoid them (Fujita & Ohta, 1989), and species 

associated with these aggregations can therefore be assumed to be different to periods when 

aggregations are not present in such high densities. This would affect detected assemblage 

patterns between sampling methods if towed camera and research trawl methods were not 

sampling similar densities of aggregations between years. 

Recommendations 

Both research trawl and towed camera sampling methods compared in this study detected 

different subsets of epifauna and provide different measures of biodiversity which offer 

complementary information about the epifaunal benthos. Studies should consider their specific 

requirements when using a certain sampling method or dataset. Trawl sampling was found to 

provide higher estimates of species richness at higher species resolutions. Species which 

were more readily detected by trawling were highly motile species (e.g. Decapoda), cryptic 

species (e.g. Asteroidea) and hyperbenthic species (e.g. prawns). The towed camera was 

better at detecting smaller species (e.g. Ophiura trimeni), flexible bodied or fragile species 

(e.g. Antipatharia) and sessile Anthozoans which can retract into the sediment (e.g. 

Cerianthidae). Other considerations include that substratum type, species interactions and 

behaviours are observable from imagery, while the collection of physical specimens is possible 

with trawling (e.g. Cailliet et al., 1999; Uzmann et al., 1977; Williams et al., 2015). While towed 

cameras have a lower ecological impact (e.g. Durden et al., 2016a), trawling more effectively 

surveys wider spatial extents (e.g. McIntyre, 1956; Rees et al., 1999). 

Marine ecosystem classifications and maps should ideally be informed by various sampling 

methods collected at multiple scales, since no one sampling method effectively detects all 

ecosystem components (Buhl-Mortensen et al., 2012; Cailliet et al., 1999; Clark & Rowden, 

2004; Colquhoun et al., 2007; Jørgensen et al., 2011; Silberberger et al., 2019; Uzmann et al., 

1977; Williams et al., 2015), as shown in this study. Deploying multiple sampling platforms is 

most applicable during baseline or exploratory surveys, whereafter fewer sampling methods 

may be more effective for monitoring purposes (Przeslawski et al., 2018). As an example, a 

towed imaging system combined with either a beam trawl or benthic sled (prioritising the sled 

only in rocky substrata) was found to be the most effective combination of sampling methods 

for epifaunal assemblages to inform habitat characterisation and mapping in New Zealand 

(Bowden, 2011).  

Due to the smaller spatial extent over which towed camera surveys have been conducted 

across the western margin of South Africa, these datasets alone lack the spatial coverage to 
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inform a data-driven bioregionalization over the entire continental shelf. On the western and 

southern margins of South Africa, the greater spatial and temporal coverage of trawl surveys 

compared to towed camera surveys is more applicable for informing data-driven 

bioregionalizations or predictions of species distributions (Murillo et al., 2016; Pitcher et al., 

2012; Woolley et al., 2019). Direct sampling methods also provide useful baseline information 

required to establish species inventory lists (Przeslawski et al., 2018). However, where data 

have been collected by towed cameras, they provide better information about substratum and 

habitat types (e.g. Bowden, 2011; Buhl-Mortensen et al., 2012; Spencer et al., 2005) or finer 

scale “patchy” distributions which the trawl does not detect well (e.g. de Mendonça & Metaxas, 

2021; Trenkel et al., 2004), as seen in this study. Since imagery provides a true reflection of 

the seabed, visual sampling methods are more sensitive to detecting change and may 

therefore be more appropriate for monitoring purposes once baseline studies have been 

conducted (Przeslawski et al., 2018). However, the use of consistent sampling approaches 

across monitoring surveys should be emphasised to ensure reproducibility (Przeslawski et al., 

2019). 

This study highlights quantitative comparisons are necessary to understand advantages and 

limitations between sampling methods so that datasets collected inform appropriate context. 

Co-correspondence analysis (Co-CA) has been shown to be a useful analytical tool for 

assessing patterns of cross-taxa congruency between datasets (Alric et al., 2020; Gioria et 

al., 2011; Hanson et al., 2015) and offers a novel way of directly quantifying congruence 

between datasets on different scales (area surveyed at a site, in this study), since the only 

requirement for this analysis is that datasets compared were collected at the same location. 

Further investigation into the congruence of patterns between towed camera and trawl 

sampling methods is advised, though differences detected have shown the trawl to be 

ineffective at capturing finer scale patterns (e.g. Ophiura trimeni aggregations) compared to 

the towed camera. Where possible, deployment of multiple sampling methods in the same 

locations is recommended to provide a more comprehensive overview of assemblages and 

would enable better opportunities for comparing patterns between different datasets. 

Conclusion 

This study presented the first quantitative comparison of epifaunal biodiversity patterns 

between a towed camera system and a demersal research trawl on the southern Benguela 

shelf (western margin) of South Africa. Patterns were compared to assess the relevance of 

each dataset when informing data-driven marine bioregionalizations. Notable differences in 

composition and diversity were found between sampling methods. However, limited 
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availability of towed camera and research trawl sites from the same location prevented a 

conclusive assessment of whether assemblage structures were congruent between sampling 

methods. Different distribution patterns between the dominant species detected between 

sampling methods, the brittle star O. trimeni and the hermit crab S. dimorphus, suggest that 

congruency in assemblage structure may be highly contextual and could vary depending on 

the habitat or species being sampled. Ultimately, both sampling methods offer different but 

complementary information about benthic epifaunal patterns on the southern Benguela shelf 

of South Africa and should be used simultaneously, where possible, to describe the epifaunal 

benthos. This study highlights the necessity of comparisons to understand the advantages 

and limitations of each sampling method and identify the contexts under which they are best 

suited. The importance of long-term monitoring is emphasised, sampling with both methods 

at the same location where possible, so that more robust comparisons may be quantified in 

the future. 
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CHAPTER 3: Applying a data-driven approach to ecosystem classification and 

mapping for the southern Benguela shelf of South Africa 

Abstract 

Data-driven approaches to bioregionalization have the benefit of being able to predict 

bioregions in biologically poorly sampled regions by relating them to more expansively 

collected and readily available environmental variables. On the southern Benguela shelf 

(western margin) of South Africa, quantitative data systematically collected by research trawl 

surveys offer powerful information for management. This study aimed to determine whether 

existing epifaunal abundance and environmental datasets collected by research trawling can 

delineate suitable bioregional patterns using an available data-driven approach to 

bioregionalization. Regions of Common Profile (RCPs) models, implemented using the 

‘ecomix’ R Package, were used to statistically determine bioregions, based on epifaunal 

abundance and environmental data from three years of research trawl surveys. After removal 

of rare species and highly correlated covariates, the final model used 46 species from 325 

sites and three environmental predictor variables (bottom temperature, dissolved oxygen and 

slope). The best model defined five epifaunal bioregions along a depth gradient, with varying 

degrees of confidence. RCP 5 along the inner shelf (<150 m) and RCP 1 along the upper 

slope (>500 m) were predicted with the highest degrees of confidence. RCP 5 responded 

strongly to low oxygen and RCP 1 responded strongly to low temperatures. RCP 2, 3 and 4 

which occurred at intermediate depths across the study area (~150 – 500 m) where the 

greatest species richness was found, were predicted with the highest uncertainty, suggesting 

that additional environmental predictors are required to improve predictions across these 

bioregions. Bioregions broadly aligned with known patterns for the southern Benguela shelf of 

South Africa, highlighting the usefulness of research trawl survey data to produce data-driven 

bioregionalizations at broad spatial scales. The RCP approach is advantageous in that 

uncertainty can be generated throughout, allowing mapped outputs to be interpreted easily 

and meaningfully. 
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Introduction 

Various approaches and statistical techniques are available for classifying and predicting 

species distributions in response to their environment (Ferrier & Guisan, 2006). These can be 

applied to produce numerically derived bioregionalizations by mapping modelled outputs 

against continuous environmental data layers. Just as sampling methods have biases in how 

they collect data, different statistical techniques do not perform equally well and are 

appropriate under different contexts (Guisan & Zimmermann, 2000; Norberg et al., 2019). 

Methods for modelling species distributions can either predict species responses individually, 

referred to as species distribution models (SDMs) and habitat suitability models (HSMs, 

Rowden et al., 2017), or they can consider multiple species (‘community-level modelling’, 

Ferrier & Guisan, 2006). While single-species distribution maps have important ecological and 

conservation applications, they are not technically considered bioregionalizations as used in 

this study. Here, the term ‘bioregionalization’ is used to describe regions which are relatively 

homogenous in species’ assemblage structure and environmental characteristics, therefore 

excluding single-species distributions maps (Rowden et al., 2018). Bioregionalizations must 

also be explicitly informed by biological and environmental data and therefore do not include 

mapped outputs, such as seascapes, which use environmental variables as proxies for 

biological assemblages (Woolley et al., 2019). 

At the community-level, Ferrier & Guisan (2006) defined three commonly used approaches for 

predicting and classifying responses of multi-species assemblages, based on the order that 

prediction and classification occur. The “predict first, then group” approach applies multiple 

SDMs to predict species distributions individually, whereafter their combined outputs are 

clustered into groups based on species’ similar predicted responses to environmental 

gradients (Ferrier & Guisan, 2006). Maximum Entropy ('MaxEnt', Phillips et al., 2004) is a 

commonly used distribution modelling technique since it can handle presence-only data, which 

often characterizes freely available species occurrence record databases e.g. Ocean 

Biodiversity Information System (OBIS). O'Hara et al. (2011) used MaxEnt to model the 

distributions of 267 Ophiuroid species in the Indian, Pacific and Southern Oceans, whereafter 

a two-stage clustering process (non-hierarchical k-means and hierarchical agglomerative 

clustering) was used to define similar groups.  

Woolley et al. (2019) defined an additional sub-group in this approach, whereby species can 

be modelled simultaneously, using joint SDMs (JSDMs, Ovaskainen & Abrego, 2020), thereby 

identifying common patterns in species responses. Hierarchical Modelling of Species 

Communities (HMSC, Ovaskainen & Soininen, 2011; Ovaskainen et al., 2017) is a hierarchical 
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JSDM technique which uses a Bayesian approach to provide information at multiple levels 

(community or species). Occurrence or abundance data can be handled and information on 

species traits or phylogenies can be considered. Stephenson et al. (2021) developed a 

bioregionalization for New Zealand by applying HMSC to jointly predict the distribution of 66 

benthic taxa, after which k-means clustering was applied to define groupings. A particular 

advantage of modelling multiple species simultaneously is that more rare species can be 

retained, since “strength is borrowed” from more common or abundant species (Ferrier & 

Guisan, 2006; Hui et al., 2013; Leathwick et al., 2006a; Ovaskainen & Soininen, 2011). 

Simultaneously predicting species distributions in a single model also allows uncertainty in 

parameter estimates to be retained throughout the modelling procedure, thereby giving more 

of a realistic sense of the uncertainty associated with classified bioregions (Woolley et al., 

2019). 

A “group first, then predict” approach clusters species together first, based on a similarity 

metric or similar response to environmental variables, after which SDMs are used to predict 

each group against selected environmental variables (Ferrier & Guisan, 2006). Since fewer 

models are required, this approach can be easier to implement (Woolley et al., 2019). In the 

Barents Sea, Buhl-Mortensen et al. (2020) first applied a hierarchical ordination of species 

and sites using a two-way indicator species analysis (TWINSPAN, Hill, 1979) to hierarchically 

classify sites and identify key indicator taxa. Random Forest (RF, Breiman, 2001) models were 

then used to predict relationships of clustered groups against 15 environmental predictors. 

TWINSPAN is a similar multivariate technique to Detrended Correspondence Analysis (DCA, 

Hill & Gauch, 1980), which identifies important gradients and can be used to cluster 

assemblages. RF is a popular machine-learning algorithm due to its flexible nature and ability 

to be applied in classification (presence-absence) or regression (abundance). Machine 

learning techniques, such as RF or Boosted Regression Trees (BRT, Elith et al., 2008) can 

be more flexible since they do not make assumptions about the underlying distribution of the 

response variable, however, this can make them sensitive to overfitting (Norberg et al., 2019).  

An alternative approach to performing classification and prediction as separate steps, is that 

species may be classified and predicted simultaneously within a single model (Ferrier & 

Guisan, 2006). The use of a single model for classification and prediction can easily provide 

estimates of uncertainty that are more reliable, which is helpful in communicating to managers 

and for determining areas which require further data (Woolley et al., 2019). Simultaneous 

classification and prediction of multi-species assemblages allows model diagnostics to be 

performed, thereby assessing how well groupings explain variation in the data (Woolley et al., 

2019). There are fewer methods in this approach, as most are relatively recent, with methods 
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including Species Archetype Models (SAMs, Dunstan et al., 2011; Hui et al., 2013), Regions 

of Common Profiles (RCPs, Foster et al., 2013) and Bayesian model-based cluster analysis 

(ter Braak et al., 2003). Hill et al. (2017) applied RCP models to map bioregions on the 

Kerguelen Plateau in the southern Indian Ocean, classifying and predicting seven demersal 

fish assemblages using three environmental predictors. RCP models can utilise both 

presence-absence and abundance data to identify similar sites based on their environmental 

response profiles and species catch profiles (mean expectation or abundance of all species 

belonging to an RCP) by explicitly incorporating information about species locations (Foster 

et al., 2013; Foster et al., 2017). RCP models have been applied successfully in the marine 

environment and have been recommended for deriving data-driven bioregionalizations (Hill et 

al., 2020; Woolley et al., 2019).  

Formally, RCP models follow a multivariate adaptation of a mixture-of-experts modelling 

framework (Jacobs et al., 1991), whereby the ‘mixing proportions’ (i.e. species’ catch profiles 

or the expected probability of occurrence or abundance of species belonging to an RCP 

bioregion) may vary across sites but not on the conditional distribution. Setting it apart from 

standard mixture models is that these mixing proportions vary with covariates as well (Foster 

et al., 2013). The site groupings (RCPs or bioregions) are treated as latent variables in the 

model, since they cannot be observed, and sites are classified as belonging to one of a finite 

number of RCP groups. All sites within the same RCP group are assumed to share a constant 

species profile (expected abundance of each species per bioregion), defined by model 

coefficients. The occurrence of each RCP bioregion is predicted probabilistically across the 

study area as a function of the environmental covariates. This use of latent factors to relate 

variation in the biological data to environmental and spatial data mitigates the need to perform 

a two-stage analysis, thereby allowing uncertainty to be quantified and mapped.  

The use of systematically collected survey data have been recommended over presence-only 

data when informing predictive models, since they are less spatially biased and provide more 

robust information about species absences and environmental conditions (Austin, 1998). 

While occurrence datasets (presence-only or presence-absence) are more common and 

easily combined, abundance data offers useful information for management and conservation 

of species and ecosystems. Models informed by abundance data reveal greater detail into 

species-environment relationships and can predict not only where species are likely to occur, 

but where they are likely to thrive (where their abundances are highest) or be most vulnerable, 

offering more information for management applications (Stephenson et al., 2021). Trawl 

collected survey data monitor both the west and south coast continental shelves of South 

Africa and have the potential to be a valuable dataset for predictive modelling of bioregions, 
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due to their systematic design (absences can be inferred), good spatial and temporal coverage 

and their collection of quantitative (abundance and biomass) data on demersal fish and 

invertebrate (epifaunal) distribution patterns. Environmental variables measured at the 

seafloor are also simultaneously monitored across trawl sites, resulting in biological and 

environmental datasets obtained at the same temporal and spatial scale. As such, species-

environment relationships inferred can be more ecologically meaningful. 

The research in this chapter aims to apply a data-driven approach to bioregionalization to 

assist with advancing data-driven methodologies for marine bioregionalization in South Africa. 

The objectives are to predict bioregions and estimate their uncertainty, associated species 

profiles and environmental responses using epifaunal abundance data collected by research 

trawl surveys on the southern Benguela shelf (western margin) of South Africa. 
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Methods 

Biological data 

Research trawl datasets were used due to their better systematic survey design across the 

shelf compared to other sampling methods e.g. towed cameras. Epifaunal abundance (counts) 

data obtained from demersal research trawl surveys conducted over the southern Benguela 

shelf (western margin) of South Africa (approximately 118 000 km2) from ~ 70–800 m were 

used for this study (Figure 3.1). Data were obtained from three years (2017, 2019 and 2020) 

of austral summer surveys following the research trawl sampling protocols described in 

Chapter 2: Data collection methods (Research trawl, pg. 24). Each survey sampled between 

110–120 x 30-minute trawl sites. Prior to data cleaning, the raw biological dataset consisted 

of a total of 535 691 individuals from 274 taxa recorded at 358 sites during the three years of 

trawl surveys.  

Figure 3.1 Map of the southern Benguela shelf of South Africa, shaded by depth (m). Map insert shows 
the location of the study area on the western margin of South Africa. Grid blocks (¨, 5 x 5 nm) map the 
extent of the west coast demersal research trawl surveys. Trawl sites, at which epifaunal counts and 
environmental variables used in the analysis were collected, are shown, and coloured by survey (year). 
Location of trawl sites are based on start position of 30-minute trawl site. 
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Rare species were excluded from the analysis to remove data noise, and since they do not 

necessarily add important information for bioregionalization (Foster et al., 2017; Hui et al., 

2013). While the threshold for defining rarity is contextual and somewhat arbitrary, species 

have been considered rare if they occurred at fewer than 1–5 % of sites (Foster et al., 2017; 

Hill et al., 2017; Lyons et al., 2017; Woolley et al., 2019). Since this was a first attempt at 

modelling epifaunal bioregions based on abundance in the region, species were arbitrarily 

considered rare if they occurred at fewer than 6 % of sites, due to the large number of rare 

species in the dataset (20 % of species occurred at one site only). Sites with fewer than three 

species recorded were removed. Taxa which could not be reliably identified to Genus or 

species level were excluded. After filtering, a total of 303 289 individuals from 46 epifaunal 

species recorded at 325 sites were used to inform the final model. 

Environmental predictor data 

Covariate selection is an important step in model development; selecting appropriate predictor 

variables that are both ecologically meaningful and explain a significant proportion of the 

biological variation (Austin, 2002). Since easily accessible offshore environmental bottom data 

for South Africa are generally available at coarse resolutions, limited timescales, and lack in-

situ validation e.g. Bio-Oracle (Assis et al., 2017; Tyberghein et al., 2012), only variables from 

oceanographic measurements in-situ and slope derived from bathymetry were used as 

predictors for this study (Table 3.1). 

Oceanographic variables, including temperature, pressure, salinity, oxygen, turbidity and 
depth were collected by the research trawl surveys over the same years as the biological data 

(Figure 3.1). Data were collected in-situ via an SBE 19plus V2 SeaCAT Profiler CTD (Sea-

Bird Scientific, 2022) attached to the headline of the trawl net. Oceanographic data were 

Table 3.1 Environmental predictor variables (continuous) considered for modelling epifaunal bioregions. 
Range values based on in-situ measurements at the seafloor. Environmental covariates used in the 
final model are indicated by an asterisk (*).  
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continuously measured along the 30-minute trawl transect at 4 scans per minute. Seasoft V2: 

SBE Data Processing software (Sea-Bird Electronics Inc., 2017) was used to correct for 

misalignment in the data, derive variables (e.g. salinity) and convert the raw CTD data, 

following the Recommended SBE 19plus V2 profiling CTD Data Processing Steps outlined in 

Sea-Bird Scientific (2017). Recommended default parameter values were retained. After 

processing, mean (± SD) values for each variable were calculated for all trawl sites after 

isolating the bottom data of the CTD profile (Appendix E). The “Slope” tool from the “Spatial 

Analyst Toolbox” in ArcGIS Pro version 2.9.0 (ESRI) was used to derive slope values from a 

recent bathymetry layer, compiled from digital single-beam echo-sounding data (de Wet & 

Compton, 2021). Slope values were assigned to each trawl site using the location of the trawl 

start point (as were latitude and longitude values).  

Strong correlations between predictor variables can confound modelling. For this reason, 

highly correlated covariates (Pearson correlation coefficient of r > 0.7) were excluded from the 

analysis. Pressure, salinity, temperature, and depth were highly correlated (r > 0.8) across the 

study area (Figure 3.3). The most proximal variable to the distribution of benthic epifauna was 

retained to improve model robustness and relevance (Austin, 2002; Kenchington et al., 2019). 

Temperature was retained over pressure, salinity and depth since it has been considered the 

most proximal (of the correlated variables) to the distribution of marine ectotherms (Schmidt-

Nielsen, 1990 as cited by Tyberghein et al., 2012). Temperature was also slightly less 

correlated with oxygen (r = 0.67) compared to that of pressure, salinity and depth (r = 0.7, 

Figure 3.3). Turbidity measures were very low across the study area (mean = 1.24 ± 0.49 NTU, 

Appendix E), and the effect thereof on the benthos at meso scales was considered negligible. 

For this reason, turbidity was excluded. The only environmental covariates therefore included 

as predictors for modelling epifaunal bioregions were bottom temperature (˚C), bottom 

dissolved oxygen (ml/l) and slope (˚).  

To predict estimated bioregions spatially, gridded raster layers were produced (Figure 3.2). 

Universal kriging was used to interpolate the site wide CTD derived variables (temperature 

and oxygen) with the ‘gstat’ R package (Pebesma, 2004) in RStudio v. 4.10. Rasters were 

interpolated to a resolution of 0.004˚ (approximately 400 m x 400 m). The ‘raster’ R 

package (Hijmans et al., 2022) was used to combine the raster layers into a multidimensional 

(or stacked) raster layer for spatial prediction. 
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Figure 3.3 Pairs plots and Pearson correlation coefficients (r) for environmental covariates considered 
for modelling. 

Figure 3.2 Environmental space used for predicting RCPs. Oxygen (ml/l) and temperature (˚C) raster 
layers were based on in-situ CTD collected data from research trawl surveys and kriged across the 
study area. The blank space in kriged layers represents an area where limited samples were available 
for kriging. Slope was derived from bathymetry (de Wet & Compton, 2021) in ArcGIS Pro (ESRI). 
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Regions of Common Profile (RCP) model 

Taking into account the available data, the Region of Common Profile (RCP) modelling 

framework was identified as a suitable approach to statistically determine bioregions and 

estimate their associated species profiles and environmental responses. The detailed 

modelling framework is outlined in Foster et al. (2013) and Foster et al. (2017), where the 

model for the expectation of each species’ observations resembles a generalized linear 

equation described as: 

Equation 1: 

ABC.D"#EF"$9G = A.H"#9 = I# + K"
%L# + M" 

where A(∙) is a link function (log-link or identity link) and D"# 	is the species datum for species 

O, O = 1,… , ! at site 5, 5 = 1,… , *. Each site’s catch profile (mean expectation for all species at 

a site) is described by the vector 4". Sites with an approximately equal 4" can be thought to 

belong to the same RCP group 1, 1 = 1,… , R, such that each RCP can be described by a 

constant species profile 4$ . I# is a species-specific intercept for the O&' species; L# is a R × 1 

vector of species parameters containing step changes for each RCP and M" is a model 

constant added as an offset term for site 5. T.D"#EF"9 denotes the sampling distribution for D"#|F" 

whose mean is given by equation 1. In this study, the negative binomial sampling distribution 

was chosen for over-dispersed abundance data.  

F" is a R × 1 indicator vector for the 5&' site, denoting which RCP each site belongs to. Since 

F" is unobserved, it is treated as a latent factor in the model, such that the model resembles a 

mixture-of-experts model (Jacobs et al., 1991) for defining the RCP type. F" is assumed to be 

the result of a multinomial sampling process with one trial and 1 × 1 probability vector V" which 

is allowed to vary depending on the site’s location. This is defined as V" = ℎ(W"), where W" is 

a design matrix containing the spatial and environmental covariate data for site 5 and ℎ(∙) is 

the additive logistic function (Aitchison, 1982) whose 1&' element is: 

Equation 2: 

V"$ ≜ ℎ(W" , 1) =

⎩
⎪
⎨

⎪
⎧ exp	(W"

(
$̀)

1 + ∑ exp	W"
( $̀!$)*

+,*
, 5T	1 ≤ 1 ≤ R − 1

1 +d V"$!
$)*

+,*
,																																			5T	1 = R

 

Where $̀ are the parameter values for the 1&' linear combination (1 = 1,… , R − 1). 
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Modelling steps in R 

The ‘ecomix’ package (Woolley, 2022) was used to fit the RCP models in RStudio version 

4.1.0 (RStudio Team, 2021). The ‘ecomix’ package builds on previous packages ‘RCPmod’ 

(Foster et al., 2013) and ‘Species-Mix’ (Dunstan et al., 2011) and is the latest development 

for executing both RCP and SAMs models. Computation steps for fitting RCP models included 

1) performing multiple fits to estimate the best model, 2) estimating uncertainty for making 

predictions 3) and performing diagnostics of the best model. The source code used for the 

analyses were adapted from Woolley (2021) and are freely available from GitHub 

(https://github.com/eco4cast/Statistical-Methods-Seminar-Series/tree/main/woolley_ecomix). 

1) Model fitting and group selection 

To fit the models, the continuous environmental covariates (temperature, oxygen and slope) 

were centred and standardised into 2nd degree orthogonal polynomials by adding a quadratic 

term for each variable. Epifaunal abundances were modelled with a negative binomial error 

distribution. Model parameters were estimated using penalized maximum likelihood (Foster et 

al., 2013). To maximise the log-likelihood and guard against finding local maxima, multiple fits 

were performed. For the likelihood to optimise, a reasonable number of starts should be 

chosen (Foster et al., 2013). Therefore, 100 multiple fits were performed per model in this 

study. The number of RCP groups over which multiple fits were performed was also set 

beforehand. In this case, 2–8 groups were chosen to reasonably cover the range of likely 

groupings. A control was added to help smooth the log-likelihood by setting several mild 

penalties on the estimated parameters, retaining the recommended default penalties from 

Foster et al. (2017).  

To determine the number of RCP groups, Bayesian Information Criterion (BIC) was used to 

select the best model by selecting the model that minimized BIC (Foster et al., 2013), 

appropriate for mixture models (Keribin, 2000). To avoid selecting a model with RCP groups 

that have low site affinity (low number of sites assigned to them), site memberships of RCP 

groups (sum of posterior probabilities) were inspected for all models to ensure no groups were 

poorly represented and that all sites had indeed been classified into an RCP. 

2) Estimating uncertainty and prediction 

Bayesian bootstrapping (Rubin, 1981) as applied in Foster et al. (2017) was used to estimate 

uncertainty in parameter estimates and predictions. Confidence intervals around the point 

predictions were taken as a symmetric 95 % interval from a bootstrap distribution of 100 
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iterations. RCP predictions were generated with the ‘predict’ function. To predict expected 

abundances (number of individuals) of species at an average site for each RCP (including 

upper and lower confidence intervals), species catch profiles were calculated directly from 

model coefficients.  

Probabilistic maps of the spatial distribution of each of the RCPs (including upper and lower 

confidence intervals around point estimates) were predicted in environmental space across 

the study area. A hard classification (non-probabilistic) was produced by fixing an RCP type 

in space, based on the most likely RCP at each point in space. Species catch profiles were 

estimated for each bioregion, represented by the mean ± standard deviation (SD) of species 

abundances for an average site. Plotted species catch profiles were represented on the log 

scale (by defining a “link” response) for easier visual inspection of the group contents for each 

RCP. Environmental responses of each RCP were quantified from model coefficients and 

assessed with partial plots. For partial response plots, the value of each environmental 

covariate was kept at the mean value, except for the variable of interest. Code and additional 

functions used to plot the partial responses were adapted from Hill et al. (2020) and are freely 

available on GitHub (https://github.com/Hillna-IMAS/Bioregion_Methods). 

3) Model diagnostics 

The best model was assessed through various diagnostic tests, as outlined in Foster et al. 

(2017). To check whether the model reasonably captured the variation in the data, random 

quantile residuals (RQR, Dunn & Smyth, 1996) adapted for mixture models (Dunstan et al., 

2013) were inspected. The distribution of the RQR should be standard normal if the model 

performs well. To visually inspect homogeneity of variance in residuals, RQR were plotted 

against fitted values. Quantile-Quantile (QQ) plots were used to check for normality of 

residuals. Dispersion represents the variability associated with each species’ mean 

expectations, due to the mean-variance relationship varying between species as a function of 

the mean (H) and dispersion parameter (e) (Warton et al., 2012). Since species with large 

means tend to be associated with higher variances (and larger values of the dispersion 

parameter) than species with small means, the dispersion parameter (estimated for each 

species) was inspected to check for large values and identify which species were associated 

with the most variability in abundance estimates.  

Since RCP groups are latent (unobserved), traditional validation of how well the RCP groups 

represent the data is difficult to perform. However, the robustness and stability of RCP groups 

and log-likelihoods can be assessed by removing subsets of the data of increasing size. The 

Cook’s distance metric (Cook, 1979) was used to assess the stability of RCP groups, as 
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adapted by Foster et al. (2017). Plots indicate how much predicted RCP membership 

probabilities (on average) change after a certain subset of data is removed, with larger values 

indicating a greater instability of RCP groups. The predictive log-likelihood was also plotted 

against hold-out sample size (i.e. number of sites removed) as an additional visual check of 

model stability. A notable drop or variability in the predictive log-likelihood as subsets of the 

data are removed indicates an unstable model, one that will be poor at predicting new 

observations (Foster et al., 2017). 
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Results 

RCP group selection 

The Bayesian Information Criterion (BIC) was minimized at five groups (32617.91), after 100 

random starts were performed (Figure 3.4). The relationship between BIC and number of 

groups was approximately concave (Figure 3.4), an indication that enough groups were tested 

(Lyons et al., 2017). The final model interpreted consisted of five RCP groups (Appendix F). 

Sites were reasonably represented within each bioregion, as indicated by the sum of posterior 

probabilities (Table 3.2). 

Predicting spatial patterns and RCP bioregion contents 

The five RCPs (also referred to as bioregions) followed a depth gradient across the shelf 

(Figure 3.5). Since depth was not included as a predictor, exact depth ranges are not known, 

hence bathymetry contours were mapped over predicted RCPs to indicate approximate depth 

Figure 3.4 BIC values for models with 2–8 RCP groups, run with 100 random starts, using temperature + 
oxygen + slope as environmental predictor variables. Values are based on a model using 46 epifaunal 
species from 325 sites. The best model minimizes BIC (5 groups). 

Table 3.2 Predicted number of sites (sum of posterior probabilities over sites) in each RCP bioregion. 
Sites are probabilistically classified into RCPs based on environmental covariates and species. 
Numbers of site probabilities are based on a model with five groups, using 46 epifaunal species from 
325 sites and three predictor variables. 
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ranges (Figure 3.5). RCP 5 was closest to the coast (light green), followed by RCP 2 (orange), 

4 (pink) and 3 (purple), with RCP 1 (dark green) being the deepest bioregion (Figure 3.5). 

The deepest (RCP 1) and shallowest (RCP 5) bioregions were predicted across the shelf with 

a high degree a certainty, as indicated by probability values close to 1 (dark red) in both the 

upper (right) and lower (left) confidence interval (CI) panels (Figure 3.6). Bioregions (RCP 2, 

4 and 3) over intermediate depths (~150–500 m) were associated with lower degrees of 

certainty (wider CIs) as indicated by light red colours in the lower CI panels and darker red 

colours in the upper CI panels (Figure 3.6). RCP 4 overlapped substantially in space with RCP 

2 and 3, and was predicted with the least amount of certainty, with lower probabilities (light 

red colours) of prediction (Figure 3.6). All bioregions were least certain around their 

boundaries, as seen by the lightest red colours occurring towards the edges of bioregions 

Figure 3.5 Predicted spatial distributions of RCP groups to produce a hard (non-probabilistic) 
classification across the environmental space of the study area. Bathymetry contours are shown in 
100 m intervals from 100–1000 m depth. Bioregions (RCP 1–5) are separated by colour and based on 
a model using 46 epifaunal species from 325 sites and three covariates. 
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Figure 3.6 Predicted spatial distributions (± SE) of RCP bioregions across the environmental space 
of the study area. RCPs (1–5) are separated by rows. Middle panels represent the spatial distribution 
of the point predictions (mean) for each RCP, while uncertainty is represented by bootstrapped 95 % 
confidence intervals (right and left panels). RCPs are based on a model using 46 epifaunal species 
from 325 sites and three covariates. RCP probabilities are shaded from low (grey) to high (dark red). 
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All RCP bioregions responded strongly to at least one of the environmental predictors tested. 

Temperature varied across the shelf from 3.76–10.44 ˚C, dissolved oxygen varied from 0.11–

5.14 ml/l and slope varied from 0.002–8.448 ˚ (Figure 3.7). The deepest bioregions (RCP 1 

and 3) had the strongest responses to temperature and the shallowest bioregion (RCP 5) 

responded most strongly to oxygen (Figure 3.7). RCP 3 was the only bioregion with a strong 

response to slope (Figure 3.7). 

Species turnover between the bioregions followed a strong depth gradient, with all bioregions 

sharing some species in common with adjacent bioregions (Figure 3.8). Species with the 

highest predicted abundances in RCP 5 and RCP 1 tended to have low predicted abundances 

at intermediate bioregions e.g. Plesionika martia and Sergia spp. in RCP 1, and Cavernularia 

spp. and Pasiphae sp. 1 in RCP 5 (Figure 3.8). The dimorphic hermit crab Sympagurus 

dimorphus was estimated to be the most abundant species (based on mean abundance) in 

bioregions of intermediate depths, RCP 2–4 (Figure 3.8). Both hermit crabs S. dimorphous 

and Parapagurus bouvieri were estimated to peak in abundance in RCP 3, however, S. 

dimorphous was more abundant than P. bouvieri in shallower bioregions, while P. bouvieri 

was more abundant than S. dimorphous in the deeper bioregion, RCP 1 (Figure 3.8). RCP 4 

and 3 were the most species rich, with 22 and 21 species respectively, predicted to occur with 

mean abundances greater than 1 (Figure 3.8). The shallowest bioregion, RCP 5 was the least 

species rich, with 9 species predicted to occur with mean abundances greater than 1 (Figure 

3.8). 

 

 

 

Figure 3.7 Partial effects plots for the effect of each of the continuous environmental variables: 
temperature (˚C), oxygen (ml/l) and slope (˚), on the probability of occurrence of the five epifaunal RCP 
bioregions across the study area. RCPs are based on a model using 46 epifaunal species from 325 
sites and three covariates. Covariates were held at their mean values to make the predictions. 
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Figure 3.8 Average species catch profiles, the estimated mean abundances of species predicted at a 
site in each bioregion (RCP 1–5). Abundances are represented on the link scale (log abundance) ± 
lower and upper confidence intervals (CI) for easier visualization. Predicted abundances are based on 
a model using 46 epifaunal species and three environmental predictor variables (temperature, oxygen, 
and slope) from 325 sites. Note that species associated with negative log(abundance) values indicate 
estimated abundances of less than 1 individual per site, but greater than 0 (Appendix G). 
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RCP 5 was predicted to occur with a high probability north of St. Helena Bay to the South 

African-Namibian border at approximate depths of 100–150 m (Figure 3.5). RCP 5 responded 

most strongly to oxygen, with a high probability (> 0.8) of occurring in low oxygen (< 0.3 ml/l) 

waters (Figure 3.7). This bioregion was associated with the warmest temperatures (> 10 ˚C), 

but only moderately (0.45 probability occurring at maximum temperature 10.44 ˚C) and had 

no response to slope (Figure 3.7). The glass shrimp Pasiphae sp.1 was the most abundant 

species predicted to occur in this bioregion, albeit with high variability in SD of the mean 

(1906.28 ± 788.50 ind., Figure 3.8). This was followed by the Cape mantis shrimp 

Pterygosquilla capensis (246.23 ± 43.05 ind.) and the small sea pen Cavernularia spp. (183.81 

± 85.63 ind., Figure 3.8). Predicted abundances of Pasiphae sp.1 and Cavernularia spp. were 

low (less than 1 ind. per site) for other bioregions (Figure 3.8). 

RCP 2 covered the greatest area across the shelf (Figure 3.5), with the highest certainty of 

occurring near the boundary of RCP 5 (Figure 3.6). This bioregion responded most strongly 

to temperature, with a probability > 0.5 of occurring in relatively warm bottom waters of 8.82–

9.96 ˚C (Figure 3.7). It had a low response to oxygen and slope (Figure 3.7). The most 

abundant species predicted for this bioregion were the hermit crab S. dimorphus (363.27 ± 

156.16 ind.), the Cape mantis shrimp P. capensis (110.62 ± 100.92 ind.) and the heart urchin 

Brissopsis lyrifera capensis (14.76 ± 13.51 ind., Figure 3.8). 

RCP 4 had the highest certainty of occurring southeast of Cape Point and northwest of (and 

including) Childs Bank (Figure 3.6). This bioregion responded strongly to oxygen, with a > 0.5 

probability of occurring in waters with a bottom oxygen concentration of 4.68–5.14 ml/l (Figure 

3.7). The most abundant species for RCP 4 were the hermit crab S. dimorphus (466.32 ± 

204.96 ind.), the purple sea urchin Spatangus capensis (27.47 ± 7.67 ind.) and the starfish 

Psilaster acuminatus (18.37 ± 5.61 ind., Figure 3.8). 

RCP 3 was the second deepest bioregion, with a wide predicted distribution across the middle 

of the shelf (Figure 3.5). This bioregion responded strongly to slope and temperature. RCP 3 

had a high probability (> 0.8) of occurring in bottom temperatures of 6.32–7.67 ˚C and at all 

slope values greater than 1 (Figure 3.7). RCP 3 was most likely to occur (> 0.5) in bottom 

waters with an oxygen concentration of 1.94–3,87 ml/l (Figure 3.7). The hermit crab S. 

dimorphous peaked in abundance in this bioregion (695.54 ± 249.69 ind.), followed by the 

starfish Crossaster penicillatus (83.81 ± 36.01 ind.) and the hermit crab Parapagurus bouvieri 

(79.03 ± 38.79 ind., Figure 3.8). 

RCP 1 was predicted with a high certainty along the deepest area of the shelf (Figure 3.6). 

This bioregion responded most strongly to temperature, with a high probability (> 0.8) of 



 68 

occurring in the lowest bottom temperatures (3.76–5.24 ˚C, Figure 3.7). It had a low predicted 

response to oxygen and slope, however, was more likely to occur in low oxygen waters than 

oxygenated waters, with a 0.22 probability of occurring in bottom oxygen of 0.98 ml/l (Figure 

3.7). The starfish Crossaster penicillatus (413.24 ± 114.00 ind.) was the most abundant 

species in this bioregion, followed by the prawns Sergia spp. (81.13 ± 23.77 ind.) and 

Plesionika martia (43.88 ± 18.76 ind., Figure 3.8). The red crab Chaceon chuni (48.30 ± 

12.05 ind.) and prawn species P. martia, Sergia spp. and Funchalia woodwardi (18.13 ± 

4.94 ind.) were distinguishing species for this bioregion, since their estimated abundances 

were low for other bioregions (Figure 3.8). 

Model diagnostics 

Random quantile residuals (RQR) were approximately normally distributed for the best model 

fitted and variation was reasonably well captured in the model (Figure 3.9). Hold-out tests 

(removing subsamples of sites) assessing the robustness of RCPs indicated an adequate 

performance, as indicated by the relatively small changes in the predictive log-likelihood (black 

line, Figure 3.11). The deepest (RCP 1) and shallowest (RCP 5) bioregions were most stable 

with respect to removing subsets of the data (Figure 3.11). Although the predictive log-

likelihood initially decreased, it remained relatively stable and did not fluctuate much, indicating 

acceptable stability with respect to removing subsets of the data (Figure 3.11). 

Figure 3.9 Randomised quantile residual (RQR) diagnostic plots (calculated using Smyth-Dunn 
residuals). Left: quantile-quantile (QQ) plot testing for normality and Right: RQR against fitted values 
testing for homogeneity of variance in residuals. Colours are reused between the 46 species. 



 69 

Variability in estimated abundances was high for some species, as captured by large values 

(greater than 10) of the dispersion parameter for nine species (Figure 3.10). These were the 

brittle star Ophiura trimeni, the glass shrimp Pasiphaea sp. 1, the large sea pen Anthoptilum 

grandiflorum, the African mud shrimp Solenocera africana, the anemone Bolocera 

kerguelensis, the cushion starfish Pteraster capensis, the prawn Sergia spp., the hermit crab 

Parapagurus bouvieri and the small sea pen Cavernularia spp. (Appendix F).  

Figure 3.11 Diagnostic plots assessing stability of RCP groups, based on Cook’s distance (left) and 
predictive log-likelihood (right), against hold-out sample size. The predictive log-likelihood of the final 
model is indicated in red colours and with samples removed in blue colours. 

Figure 3.10 Frequency distribution of dispersion parameter values estimated for all species by the RCP 
model with a specified negative binomial sampling distribution. 



 70 

Discussion 

This study produced the first data-driven bioregionalization, based on epifaunal abundance 

data from demersal research trawl surveys, for the southern Benguela shelf (western margin) 

of South Africa. Five bioregions with varying environmental responses and expected species 

abundances (species’ catch profiles) were defined by applying a Region of Common Profile 

modelling approach. The deepest and shallowest bioregions were spatially predicted with the 

highest certainty. These bioregions had the clearest responses to environmental predictors 

and were associated with more distinguishing species (species predicted with low abundances 

in other bioregions). The greatest uncertainty in spatial predictions was estimated for 

bioregions at intermediate depths, which were occupied by both shallow and deep species 

and were dominated by the same hermit crab species (S. dimorphus). These bioregions 

responded less clearly to environmental predictors used in this study, and a lack of relevant 

environmental predictors may have resulted in higher uncertainty of estimated bioregions 

across intermediate depths.  

Alignment of bioregions with previously described patterns 

Previously classified ‘habitat’ and ‘ecosystem’ types for the southern Benguela shelf of South 

Africa were mapped at finer scales than what was defined here, with 42 habitat types and 43 

ecosystem types classified by Sink et al. (2012b) and Sink et al. (2019b) at the lowest level of 

the classification for the southern Benguela shelf, respectively. However, close alignment with 

these classifications at the regional scale was observed, with Sink et al. (2012b) defining 6 

‘ecozones’ for the southern Benguela shelf, while a synonymous level of the classification was 

not defined by Sink et al. (2019b). Both classifications followed an expert-derived hierarchical 

approach to classification, with substantially greater datasets informing the most recent 

classification (SANBI, 2022; Sink et al., 2019b; Sink et al., 2023).  Key environmental and 

biological drivers of offshore patterns considered by Sink et al. (2012b) were substrate 

categories, depth and slope, geology and grain size, and biogeography (Sink et al., 2012b). 

Building on the previous classification, Sink et al. (2019b) incorporated improved bathymetric 

and biogeographic information to refine the classification and map. Such additional 

environmental datasets included satellite imagery, single-beam and multi-beam bathymetric 

datasets, recent and historical sediment datasets, and oceanographic data (temperature, 

oxygen, and salinity) (Sink et al., 2019b). Biological datasets used to refine the classification 

included data from visual surveys, grabs, historical dredges, recently defined infaunal and 

epifaunal biotopes and vulnerable marine ecosystems (Sink et al., 2019b).  



 71 

The deepest and shallowest bioregions (RCP 1 and 5) were predicted with the highest 

certainty across the study area. These bioregions aligned more closely with previously defined 

ecosystem classifications and maps for the western margin of South Africa compared to the 

bioregions predicted across intermediate depths. RCP 5 occurred from St. Helena Bay to the 

South Africa-Namibian border, from about 70–150 m which aligned most closely with the 

‘Namaqua Inner Shelf’ ecoregion (Sink et al., 2012b) and the ‘Namaqua Muddy Mid Shelf 

Mosaic’ ecosystem type (Sink et al., 2019b). The spatial extent of RCP 5 corresponded to 

similarly observed changes in communities at approximately 150 m on the western margin 

(Karenyi, 2014; Lange & Griffiths, 2014; Shah, 2018; Smale et al., 1993).  

RCP 1 was the deepest bioregion and corresponded most closely to what has previously been 

defined as the ‘South Atlantic Upper Bathyal’ ecoregion and the ‘Southeast Atlantic Upper 

Slope’ ecosystem type (Sink et al., 2012b; Sink et al., 2019b). The upper slope occurs just 

after the shelf edge break (Howell 2010), which has been reported to feature at approximately 

400–500 m on the western margin (de Wet & Compton, 2021; Emery et al., 1992). Distinct 

changes in cephalopod (Roeleveld et al., 1992), demersal fish (Atkinson et al., 2011b; Roel, 

1987), macrofauna (Karenyi, 2014) and epifauna (Lange & Griffiths, 2014; Shah, 2018) have 

been observed at approximately 400–500 m where the shelf edge and upper slope intersect. 

RCP 1 and 5 were defined by clearer responses to environmental predictors compared to the 

other bioregions. Low temperatures (3.76–5.24 ˚C) distinguished RCP 1, and low oxygen 

concentrations (< 0.3 ml/l) distinguished RCP 5 (Figure 3.7). Low oxygen bottom waters 

(< 2 ml/l) are a variable but permanent feature known to occur on the Namaqua Inner Shelf 

(shallower than 150 m), which form due to upwelling (Jarre et al., 2015). Productivity and 

related variables, such as hypoxia, were found to be particularly influential for this area when 

defining a seascape classification for the west coast and shelf (Karenyi et al., 2016a). A sharp 

decrease in bottom temperatures with a steep increase in depth at the shelf edge break 

(Dingle & Nelson, 1993) has been thought to influence changes in communities associated 

with the upper slope in South Africa (Roeleveld et al., 1992; Smale et al., 1993). Temperature, 

as well as other collinear variables such as salinity are properties associated with different 

water masses, with which epifaunal biogeographical patterns are known to align (Buhl-

Mortensen et al., 2020; Limongi et al., 2023; Neumann et al., 2017; Snelder et al., 2007). On 

the western continental slopes of South Africa, cephalopods as an example, have been found 

to be associated with different water masses, such as the cold Antarctic Intermediate Waters 

(AIW) in the order of 3–4 ˚C (Roeleveld et al., 1992). While RCP 1 had a small probability of 

occurring in low oxygenated waters, it is unclear why. Limited knowledge about the seafloor 
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below 500 m in South Africa (Griffiths et al., 2010) suggests this feature requires further 

investigation.  

While species abundances can be associated with multiple RCPs, each RCP should be 

defined by a distinct species’ catch profile, or the expected abundances of each species 

(Foster et al., 2013). None of the bioregions in this study had the same species’ catch profiles, 

however, more similarities were found between catch profiles at intermediate depths (RCP 2, 

3 and 4). Species catch profiles defining RCP 1 and 5 were distinctly different and associated 

with more distinguishing species (species that were not expected in other bioregions). The 

most abundant species predicted to occur in RCP 1 was the starfish Crossaster penicillatus 

(Figure 3.8), also identified by (Lange & Griffiths, 2014) as the most abundant species of their 

deepest community defined along the shelf edge and upper slope (identified only to family as 

Solasteridae). Lange & Griffiths (2014) also found Plesionka martia and Chaceon chuni 

(identified as Chaceon quinquedens) as highly abundant species along the shelf break, as 

found in this study. P. martia similarly occurs along the shelf edge and upper slopes in the 

Mediterranean and has been observed to peak in abundance at similar depth ranges, between 

400–600 m, in the eastern-central Mediterranean (Maiorano et al., 2002). Prawn species, 

P. martia, Sergia spp. and Funchalia woodwardi, and the red crab C. chuni were distinguishing 

species for this bioregion, being predicted with negligible abundances across the other 

bioregions. Zooplankton food sources have been thought to influence distributions of prawns 

e.g. P. martia (Cartes et al., 2021) and Sergia lucens (Omori & Ohta, 1981), while some 

species of the genus Crossaster are known to occur in low temperature and mixed waters on 

the shelf break in the North-East Atlantic e.g. C. squamatus (Ringvold & Moum, 2020). 

The most abundant species predicted to occur in the shallowest bioregion, RCP 5, was the 

prawn Pasiphaea sp. 1. Although not identified to species level for this study, Pasiphaea 

semispinosa has been described to have a similar distribution and has been documented 

alongshore north of Cape Columbine up to depths of 200 m (Gibbons et al., 1994; Kensley, 

2006). While this species is regarded as pelagic (Kensley, 1981), noting the close coupling of 

the benthic-pelagic realms, particularly in shallower waters (Sink et al., 2012b; Sink et al., 

2019b), this distribution likely reflects benthic patterns too. The mantis shrimp Pterygosquilla 

capensis was predicted with high abundance in RCP 5 which aligns with what is known about 

this species’ distribution off the west coast of South Africa, occurring in waters shallower than 

150–200 m (Griffiths & Blaine, 1988) and in low oxygen (< 1 ml/l) waters with temperatures 

> 10–11 ˚C (Abelló & Macpherson, 1990). Cavernularia spp. was predicted to occur at high 

abundance in RCP 5 and with low abundances across all other bioregions. Cavernularia is a 

known shallow water genera which favours soft sediments associated with coral reef 
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(Williams, 2011). RCP 5 was predicted with the lowest species richness, which aligns with 

what is hypothesised about oxygen minimum zones (OMZs), as diversity is thought to be less 

due to higher physical stress (Levin, 2003). 

RCP 2, 3 and 4 (~150–500 m) did not align as closely with previously defined ecosystem 

classifications and maps as RCP 1 and 5 did, though there were some consistencies at a 

broad level. RCP 3 broadly corresponded to a previously defined ‘Southern Benguela Shelf 

Edge’ ecoregion (Sink et al., 2012b) and encompassed the ‘Southern Benguela Muddy and 

Sandy Shelf Edge’ and ‘Southern Benguela Shelf Edge Mosaic’ ecosystem types (Sink et al., 

2019b). RCP 3 also overlapped somewhat with the ‘Southern Benguela Outer Shelf Mosaic’ 

ecosystem type (Sink et al., 2019b) in the middle of its predicted distribution where hard rocky 

ground is known to occur (Karenyi, 2014; Sink et al., 2012b; Sink et al., 2019b). Since 

substrate type was not used as a predictor in this study, it is possible that including this variable 

as a predictor may refine the boundaries of RCP 2, 3 and 4. However, trawling mostly avoids 

hard ground and would therefore be unable to provide the data for species associated with 

hard ground. 

RCP 2 and 4 covered a spatial extent similar to the ‘Southern Benguela Outer Shelf’ ecoregion 

defined by Sink et al. 2012, however, there was not much agreement at finer scales. RCP 2 

covered a large area of the shelf and encompassed parts of several previously defined 

ecosystem types (Sink et al., 2019b). Northwest of Cape Point these were: the ‘Southern 

Benguela Sandy Outer Shelf’, ‘Southern Benguela Outer Shelf Mosaic’ and ‘Namaqua Muddy 

Sands’, while southeast of Cape Point RCP 2 had closer alignment with the ‘Southern 

Benguela Muddy Outer Shelf Mosaic’. Closer agreement to the previous classification was 

similarly found southeast of Cape Point for RCP 4, which mostly encompassed the ‘Southern 

Benguela Sandy Outer Shelf’ ecosystem type (Sink et al., 2019b). Northwest of Cape Point 

the spatial extent of RCP 4 included the ’Southern Benguela Sandy Outer Shelf’, ‘Southern 

Benguela Outer Shelf Mosaic’ and ‘Childs Bank Plateau’ (Sink et al., 2019b).  

Childs Bank is a limestone plateau (de Wet & Compton, 2021) and is classified as a submarine 

bank and unique ecosystem type (Sink et al., 2012b; Sink et al., 2019b). Such features are 

thought to support distinctive biological communities (Howell, 2010). While changes in 

bioregional patterns around the area of Childs Bank were detected in this study, they were 

moderate, and it’s unlikely that assemblages on the plateau and to the southeast of Cape 

Point are the same. RCP 4 had the strongest response to high oxygen, which could explain 

why the areas classified as RCP 4 to the north and south of Cape Point were grouped together, 

even though expected assemblages are likely different in reality. Additional relevant 
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environmental predictors would be needed to more appropriately differentiate between sites 

classified as RCP 4. 

While the intermediate bioregions responded somewhat differently to environmental 

predictors, they did not have as clearly defined responses as RCP 1 and 5. RCP 2 and 4 

differed mostly from one another in terms of responses to oxygen, with RCP 4 on the outer 

shelf having a higher probability of occurring where dissolved oxygen was higher. Although 

RCP 3 had a strong response to temperature (6.32–7.67 ˚C, Figure 3.7) and the strongest 

response to slope, it had a high probability of occurring where slope values were > 1 ˚, which 

may not be the best predictor to discriminate finer patterns. While slope has been 

acknowledged as an important predictor for epifaunal distributions (Bouchet et al., 2015; 

Davies et al., 2009; Durden et al., 2015; Mohn & Beckmann, 2002; Wilson et al., 2007; Yesson 

et al., 2012) and for western margin seascapes (Karenyi et al., 2016a), trawl sampling tends 

to avoid strongly sloping terrain, and therefore the fauna sampled by trawls may not be as 

affected (and therefore well predicted) by slope. The detection of weak and indistinct 

environmental response for these bioregions, as well as the higher uncertainty in predictions 

found, suggests that important environmental predictors for these bioregions were missing 

from this study, e.g. substrate type. A similar observation was made by Hill et al. (2017) when 

they too found greater uncertainty associated with RCPs at intermediate depths (~400–700 m) 

of their study area (100–1200 m). In addition, they mentioned the greater challenges of 

defining assemblages at intermediate depths, since both shallow and deep species are often 

found together, therefore being characterised by a wider range of environmental responses, 

as noted by Leaper et al. (2014).  

The ecosystem types which broadly aligned with RCP 2, 3 and 4 (discussed above) were 

characterized by different sediment types (Sink et al., 2019b) and may correspond to different 

epifaunal assemblages. Substrate type is often used as a predictor when classifying spatial 

units associated with different benthic assemblages (Buhl-Mortensen et al., 2012; Connor et 

al., 2004; Howell, 2010; Lombard et al., 2004; Sink et al., 2012b; Sink et al., 2019b; Vasquez 

et al., 2021). Contrary to what was found in this study, different epifaunal communities and 

biotopes to the southeast and northwest of Cape Point have been defined with hierarchical 

cluster analysis based on trawl data (Lange & Griffiths, 2014; Shah, 2018). However, the same 

species, S. dimorphus, dominated estimated abundances at these bioregions (RCP 2, 3 and 

4) and could explain the similarities found between these bioregions in this study. This 

anemone hermit crab was previously found across a similarly wide distribution and was also 

the most abundant species over the continental shelf (Lange & Griffiths, 2014). S. dimorphus 

has a wide depth range globally (91–1995 m, Lemaitre, 2004), and peaks in abundance 
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between 200–300 m on the western margin have been detected with trawl sampling (Wright 

et al., 2020). RCP 2, 3 and 4 were all partly distributed over this observed depth range.  

Although there was only broad alignment to previous classifications, many other biological and 

environmental data sources were considered to define the previous ecosystem classification 

and map (Sink et al., 2019b; Sink et al., 2023), which could explain some of the differences 

detected between the previous classification and this study’s findings. However, the authors 

of previous classifications have noted the limitations of the expert driven approach, specifically 

calling for more data driven approaches to iteratively improve ecosystem type maps (Sink et 

al., 2023). In addition, noting the dominance in abundance of S. dimorphus detected across 

the shelf in this study, it’s plausible that bioregional patterns of epifauna detected by research 

trawls may not be that diverse over the western margin. A similar number (six) of epifaunal 

communities were detected over the western margin using research trawls (Lange & Griffiths, 

2014). These could be due to strong environmental drivers, such as depth, % organic carbon, 

maximum chlorophyll concentration and sediment characteristics, which were important 

predictors in defining a similar number (five) of seascapes across the middle–outer shelves 

(40–400 m) over the western margin (Karenyi et al., 2016b). It is therefore likely that the 

number of epifaunal bioregional patterns defined in this study is a fairly realistic representation 

of patterns detected by research trawl sampling.  

Other similarities to previously observed species abundance patterns were also detected in 

RCP 2, 3 and 4. Both dominant hermit crabs S. dimorphus and Parapagurus bouvieri have 

been found to peak in abundance at different depth ranges over the western margin, between 

201–300 m and 401–450 m, respectively (Wright et al., 2020). S. dimorphus has also been 

noted to be more abundant and occupy a wider distribution than P. bouvieri (Wright et al., 

2020). In this study, both species of hermit crabs peaked in abundance in RCP 3, which 

occurred between 200–500 m at variable parts across the shelf, encompassing the ideal depth 

range for both these species. S. dimorphus was not only more abundant than P. bouvieri, but 

it was also distributed across shallower bioregions (RCP 2 and 4), while P. bouvieri was more 

abundant than S. dimorphus in the deeper bioregion, RCP 1, aligning with previously observed 

patterns (Wright et al., 2020). 

Limitations and recommendations for improving the bioregionalization 

This study was limited by the number, type and suitability of available environmental 

predictors. In South Africa, freely available, comprehensive and validated environmental 

layers for key abiotic seabed variables are not always at the necessary resolution required for 

finer scales, and may be interpolated from limited samples or satellite data e.g. Bio-ORACLE 
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(Assis et al., 2017; Tyberghein et al., 2012) which can lead to spurious results. This study 

found bottom dissolved oxygen and bottom temperature to be useful predictors for the inner 

shelf and upper slope bioregions respectively, when informed by research trawl data, though 

any number of predictors correlated with them may also be responsible for driving distributions 

of epifauna. Slope was not as applicable for predicting bioregions based on trawl data, given 

the limited changes in gradient in the study area and that the trawl tended to avoid sampling 

over steep seafloor. However, slope may be more relevant for other datasets which have been 

collected over steeper slopes (e.g. dredges in canyons).  

Additional and relevant environmental predictors are likely necessary to define boundaries 

between bioregions at intermediate depths more appropriately (i.e. middle–outer shelves) e.g. 

substrate type, POC flux or seafloor current. Higher values of total organic carbon (TOC) have 

been found around Childs Bank (Atkinson et al., 2011a) and may be a potential predictor for 

epifaunal assemblages on the southern Benguela shelf, since organic carbon and nutrient 

inputs to the seafloor have been acknowledged as important drivers of benthic communities 

(Levin et al., 2001; O'Hara et al., 2020; Rex, 1981; Woolley et al., 2016). Current speeds, 

which affect food availability, have been found to predict fine scale distributions of epifaunal 

assemblages (Stephenson et al., 2022) and may be particularly relevant across the shelf edge 

and canyons where currents are intensified (Leathwick et al., 2012; Levin et al., 2001; Rubidge 

et al., 2016). Trawling pressure or frequency may also be a relevant predictor of benthic 

epifaunal distributions on the western margin, since trawling has been found to affect epifaunal 

distributions on the western margin of South Africa (Atkinson et al., 2011a).  

The limited number of environmental predictors considered in this study (three) may have 

resulted in a low number of bioregions (five) being defined. Previous studies using RCPs 

determined nine bioregions with seven predictors for central western New South Wales, 

Australia (Lyons et al., 2017), and seven bioregions were defined with three predictors for 

demersal fish assemblages on the Kerguelen Plateau in the southern Indian Ocean (Hill et al., 

2017). While it is expected that a greater number of bioregions would be defined with 

increasing environmental predictors, without having tested this, it is unclear whether including 

more predictors would substantially increase the number of bioregions defined using RCP 

models, since previous studies were conducted over larger areas of approximately  

387 000 km2 (Hill et al., 2017) and 220 000 km2 (Lyons et al., 2017) in comparison to this study 

(~118 000 km2). It is important to note that including more variables will only improve model 

accuracy and predictions up to a point, whereafter the inclusion of many variables does not 

provide much improvement and may further complicate the interpretation (Leathwick et al., 

2006b). 
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Variable selection itself is not a straightforward process and is a limitation of data-driven 

bioregionalization approaches in general (Rowden et al., 2018). Some methods can 

incorporate variable selection into the modelling process, while others are less sensitive to 

collinearity between variables. Forward selection of environmental variables may be 

implemented within the RCP modelling process to simultaneously select the most appropriate 

number of bioregions and their predictors, based on a measure such as BIC (Hill et al., 2017). 

Other methods may select environmental variables prior to modelling using multivariate 

analyses to identify changes in communities along important gradient e.g. DCA or TWINSPAN 

(Buhl-Mortensen et al., 2015; Buhl-Mortensen et al., 2020). Separate Generalized Additive 

Models (GAMs) may be fitted to each species prior to modelling to assess which covariates 

explain the most variation, selecting the predictors relevant for the most species (Hui et al., 

2013). Gradient Forest (GF, Ellis et al., 2012) is a machine learning method which incorporates 

environmental variable selection into the modelling process by identifying how much biological 

variation is explained by the most important variables (ranking) as well as identifying species 

compositional turnover along gradients and is less sensitive than regression methods to the 

inclusion of collinear variables (Pitcher et al., 2012).  

This study was a preliminary analysis of only epifauna data from the most recent and validated 

research surveys and was therefore limited by the quantity of biological datasets considered. 

While the model was able to capture the over-dispersed nature of the data due to the natural 

variability exhibited by some species across sites, high uncertainties in estimated abundances 

for those species were noted. For improved accuracy and certainty of abundance estimates, 

more samples could be included (thereby decreasing variability) and/or better predictor 

variables which can explain the distribution of highly variable species could be considered. 

It is noted that the threshold used to define rarity of species in this study was somewhat 

arbitrary. While this is not necessarily a limitation of the study, it is recommended that future 

studies test a wide range of thresholds for rarity to identify the optimal number of species for 

modelling, without losing too much information about rarer species, which may be of particular 

concern for conservation (Ovaskainen & Soininen, 2011). While multi-species models can 

estimate patterns of rare species more successfully than single-species models (Hui et al., 

2013; Leathwick et al., 2006a; Ovaskainen & Soininen, 2011), extremely rare species are 

generally excluded since they can add noise to the model without offering much additional 

information for modelling (Foster et al., 2017; Hui et al., 2013). The cut off values used in other 

studies have also been somewhat arbitrary, considering a species rare if it occurred at fewer 

than 1–5 % of sites (Foster et al., 2017; Hill et al., 2017; Lyons et al., 2017) or based on the 

number of parameters, where species with occurrences less than the number of parameters 
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(or less than a third of the number of parameters) are considered rare (Hui et al., 2013). Rarity 

is most likely context dependant, and various thresholds should be tested for optimal 

performance. 

Although model diagnostics were performed to check if model performance was reasonable, 

without validation using an independent dataset (i.e. data not used for modelling), it’s 

impossible to evaluate how well bioregions approximated ‘real’ assemblages (other than crude 

comparisons to previously determined classifications and maps). Ironically, one of the 

motivations for using predictive models in the first place is to enable making the most out of 

often sparse biological datasets, so validating them against more data often requires more 

sampling (Stephenson et al., 2021). Validation with independent data, such as applied in Hill 

et al. (2017) was beyond the scope of this study, having limited access to additional validated 

surveys. However, the temporal regularity of which demersal research trawls are conducted 

on the west (and south) coasts certainly provide a good opportunity for validating models in 

the future.  

Implications for data-driven marine bioregionalization in South Africa in the future 

The bioregions defined in this study were clearly associated with specific assemblages and 

environmental responses. Together with the uncertainty estimates of the classified bioregions, 

these factors have the potential to provide valuable information for various stakeholders and 

applications (Rowden et al., 2018; Woolley et al., 2019), such as for marine spatial planning 

and effective decision making in South Africa (Sink et al., 2023). Since the development of 

RCP models to assist with bioregionalizations (Foster et al., 2013), they have been modified 

to include sampling artefacts (Foster et al., 2017) and a spatiotemporal component (Vanhatalo 

et al., 2021). Due to their relatively recent development and higher computational time required 

for large datasets, testing RCPs on a wide range of datasets has been limited (Hill et al., 2017), 

though studies have shown promise when producing bioregionalizations using RCPs (Hill et 

al., 2017; Hill et al., 2020; Lyons et al., 2017). The ability to directly quantify and assess the 

uncertainty associated with classified bioregions is more beneficial than two-stage methods 

which cannot propagate uncertainty throughout the bioregionalization process (Hill et al., 

2020; Woolley et al., 2019).  

Various other types of uncertainty can be estimated from other predictive methods, however, 

depending on the intended applications of the maps and need for uncertainty in bioregions, 

RCP models may be more or less applicable. Uncertainty of sampling coverage and model 

variability (represented by standard deviation of the mean compositional turnover averaged 

across each variable) have been estimated from GF models for a bioregionalization of New 
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Zealand’s territorial seas (Stephenson et al., 2022). GF may be more applicable in contexts 

where flexibility is required, such as when species-environment relationships are not well 

defined, or when many covariates (which can be highly correlated) need to be assessed. 

HMSC is a similar method to RCPs, except that it uses a Bayesian approach, so specifying 

appropriate priors (i.e. prior distributions for model parameters) can be a bit more complicated 

(Hui et al., 2013). However, HMSC can incorporate information on species traits and 

phylogenies (Ovaskainen et al., 2017), which may be applicable if functional ecosystem units 

(e.g. IUCN) are preferred. It should also be noted that while estimating uncertainty in 

classifications is advantageous, various types of error are produced throughout the entire 

classification and mapping process which one ought to be mindful of (Strong, 2020). 

Ultimately, mapped outputs of data-driven classifications will only be as reliable as the input 

data used for prediction, with the quality and quantity of the biological and environmental 

datasets impacting predictive performance more than the specific modelling approach used 

(Bowden et al., 2021). 

Conclusion 

This study applied a potential approach which could be used for producing data-driven marine 

bioregionalizations in South Africa in the future, by predicting epifaunal bioregions on the 

southern Benguela shelf (western margin) of South Africa based on abundance data, using 

RCP models. Data-driven classification methods attempt to define bioregions which are less 

reliant on expert opinion and can predict bioregions that are most likely (given the data 

available) at unsampled locations. As deeper (and further offshore) frontiers are explored and 

sampling becomes more challenging, it is imperative to rely on data-driven methods to predict 

expected assemblages in the deep-sea (Jetz et al., 2019). This study applied a simultaneous 

approach to classification viz. Regions of Common Profile which can quantify uncertainty in 

predictions directly, producing probabilistic maps of bioregions. Since model diagnostics could 

be performed, assessing how well the predicted classification represented the data was 

possible. The bioregions of highest prediction certainty, the middle shelf (RCP 5) and shelf 

edge (RCP 1), also hosted the most distinct communities and were closely aligned with 

previously derived classifications based on hierarchical clustering. Temperature and oxygen 

were important predictors for different bioregions across the shelf, though it is recommended 

that future efforts should source and test a wider range of environmental covariates, such as 

sediment characteristics, organic carbon, current speeds, or trawling effects, particularly to 

discern differences in middle–outer shelf assemblages. Ultimately, different methods for 

classification and prediction are applicable under different contexts and testing a variety of 
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data-driven methods with different strengths and limitations is advised, validating models with 

independent datasets wherever possible. 
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CHAPTER 4: Synthesis 

Marine bioregional, ecosystem and habitat classifications and maps are applicable for a wide 

variety of management applications and ecological studies (Diaz et al., 2004). Data-driven 

approaches to bioregionalizations can provide benefits and overcome challenges associated 

with expert-derived classification approaches, making the most out of sparse biological data 

by relating them to environmental predictors (Rowden et al., 2018; Woolley et al., 2019). 

However, many different approaches (Ferrier & Guisan, 2006) and statistical techniques (e.g. 

Hill et al., 2020; Reiss et al., 2014) for classification and prediction exist. Careful consideration 

should be given to the benefits and limitations of different approaches applied, as well as the 

biological and environmental data types used to inform bioregionalizations at various spatial 

scales (spatial extent and resolution). This is the first study to quantify benthic epifaunal 

abundance patterns on the southern Benguela shelf (western margin) of South Africa 

comparing between research trawl and towed camera sampling methods and to produce a 

data-driven bioregionalization using research trawl datasets. This study has contributed 

knowledge towards informing a data-driven approach to marine bioregionalization for South 

Africa by quantifying similarities and differences between two epifaunal datasets collected 

using different sampling methods. The data-driven approach to bioregionalization applied here 

can inform future bioregionalizations and has revealed insights gained from testing a data-

driven approach to bioregionalization (Sink et al., 2023).  

Main findings 

The main findings of chapter 2 highlighted that the towed camera and research trawl detected 

largely different subsets of epifaunal assemblages. These differences in species detected 

could be explained by the sampling method’s selectivity on species’ size, motility, behaviour 

and spatial dispersion patterns. While patterns of species richness were similar between 

sampling methods (though not significantly), patterns of density were not comparable or 

correlated for all paired sites. Sites located along the shelf edge, where the small brittle star 

Ophiura trimeni was found, and sites located across the sandy outer shelf, where the hermit 

crab Sympagurus dimorphus was found, differed in patterns of density, as neither species was 

adequately detected by both sampling methods. However, patterns between sites where 

neither of these dominant species was found, appeared to be more congruent. As a result, 

this study was not conclusive in determining whether patterns of abundance (density) were 

congruent between sampling methods across the southern Benguela shelf of South Africa. 

However, these findings do suggest that congruence is highly contextual, depending on the 

species or habitat being sampled.  
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Chapter 3 determined five bioregions for the southern Benguela shelf of South Africa by 

applying Regions of Common Profile (RCP, Foster et al., 2013; Foster et al., 2017) models. 

This method shows promise for producing data-driven bioregions, though comparisons with 

other data-driven methods are advised. Alignment with previously detected bioregional 

patterns was found, with the best agreement for the inner shelf (RCP 5) and upper slope (RCP 

1) bioregions. These bioregions were associated with the highest degree of certainty in spatial 

predictions, while the bioregions located at intermediate depths (RCPs 2, 3 and 4) were 

associated with greater spatial prediction uncertainty and differed the most compared to other 

bioregional patterns. High uncertainties across intermediate bioregions could be explained by: 

1) a lack of suitable environmental covariates to predict distributions for a higher diversity of 

species (shallow and deep) which are expected to have wider gradients of responses to the 

environment (Hill et al., 2017) or by 2) patterns of epifaunal assemblages (and therefore 

bioregions) not being as strongly defined across the outer shelf, suggested by the dominance 

of S. dimorphus across the middle and outer shelves. While low oxygen and temperature 

appeared to sufficiently explain the spatial patterns of RCP 1 and 5, additional environmental 

variables are likely to greatly improve defining bioregions at intermediate depth ranges. 

Dispersion parameters were high for some species (and therefore abundance estimates were 

variable) suggesting a greater number of sites are required to reduce observed variability or 

more suitable environmental predictors are required to explain their highly variable 

distributions.  

Implications for data-driven bioregionalizations and epifaunal monitoring  

Both trawl and towed camera sampling methods were found to detect different subsets of 

epifaunal assemblages, resulting in the recommendation that both be used simultaneously, 

where possible, when describing benthic epifaunal patterns (Buhl-Mortensen et al., 2012; 

Jørgensen et al., 2011; Uzmann et al., 1977; Williams et al., 2015). Since offshore benthic 

biodiversity patterns in South Africa are not fully understood (Griffiths et al., 2010), with many 

epifaunal species still being newly discovered (Atkinson & Sink, 2018), utilising multiple 

sampling methods will lead to a more holistic understanding of the epibenthos than is possible 

with only one of the sampling methods. However, the type of sampling method used will 

depend on the aims and applications of the study (Uzmann et al., 1977; Williams et al., 2015). 

The towed camera was more effective for detecting small species with patchy distributions 

and Anthozoans which were firmly attached to or within the sediment, while the trawl better 

detected highly motile Decapoda and cryptic species which cannot be identified from imagery 

(e.g. burying Asteroidea). Studies focusing on one of these groups or species should consider 

analysing data obtained from the sampling method which best detects that taxon or taxa. 
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Towed cameras additionally provide information about species’ behaviours e.g. interactions 

and associations (Cailliet et al., 1999; de Mendonça & Metaxas, 2021), while trawls provide 

physical specimens necessary for genetic or taxonomic studies and species’ life histories 

(Chimienti et al., 2018; Uzmann et al., 1977; Williams et al., 2015).  

Overall, the towed camera detected greater epifaunal densities than the trawl. However, since 

a small aggregating species, O. trimeni, dominated towed camera observations, it is unclear 

whether the high densities observed were because of this species dominating or whether the 

towed camera recorded higher densities of all species that were detected by both sampling 

methods. Since densities were not compared absolutely, due to discrepancies in sampling 

area between methods (Ellingsen et al., 2007; McIntyre, 1956), densities could be formally 

investigated in the future using either species accumulation curves (e.g. Williams et al., 2015) 

or by standardizing sampling effort (area sampled) consistently between methods in the field 

e.g. shortening trawl tows and increasing camera tows. While increasing the amount of 

footage to be analysed from towed camera footage is not necessarily feasible due to long 

processing times (Cailliet et al., 1999; Spencer et al., 2005), it may be feasible if only densities 

of a single taxa are compared.  

The findings from this study were not conclusive on whether patterns in abundance across the 

assemblages detected were congruent between sampling methods or not, which has 

implications for marine ecosystem classification and mapping in South Africa. A move towards 

data-driven bioregionalization approaches has been prioritised for marine classification and 

mapping in South Africa (Sink et al., 2019b; Sink et al., 2023). Abundance data are more 

informative for management applications and decision making as they reveal more robust 

information on species’ distributions and relationships with the environment (Stephenson et 

al., 2021). However, abundance data collected with different sampling efforts cannot easily be 

combined in analyses or compared directly. Therefore, when informing data-driven 

bioregionalizations using abundance data, different datasets will likely need to be prioritised 

or weighted according to which habitat, species, or spatial scales the sampling methods best 

detect, which has implications for how different datasets are integrated in data-driven 

approaches (Sink et al., 2023). If significantly similar patterns were observed between 

sampling methods, their detected patterns could potentially act as surrogates for the other 

(Mellin et al., 2011; Sink et al., 2023). This could reduce the need for both datasets to inform 

bioregionalizations, prioritising datasets which are available. However, significantly different 

patterns detected between sampling methods would imply that the assemblages are not 

structured the same across scales or habitats, either due to different drivers, interactions or 

life histories, and datasets would need to be prioritised or integrated accordingly.  
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Although findings from this study did not definitively detect congruence or non-congruence, 

similarities and differences were observed. Both sampling methods appeared to detect similar 

broad patterns between sites, such as depth or ecosystem type. It should be noted that these 

were the known variables in this study, but any other variable correlated with depth or 

ecosystem type (e.g. temperature, salinity, substratum) may be more important in driving the 

similar patterns observed at broad spatial scales. However, at sites where one of the dominant 

species (O. trimeni or S. dimorphus) was observed, detected patterns differed the most 

between sampling methods, since neither sampling method fully detected both species. 

Previous studies have also found greater similarities at broader spatial scales when comparing 

different assemblages, attributable to similar environmental drivers identified at broader scales 

compared to finer ones (Reiss et al., 2010; Silberberger et al., 2019). Due to the different 

dispersion patterns known for these species, findings seem to suggest that a significant 

relationship was not detected due to variations in congruency across spatial scales or habitats.  

As such, findings may suggest that trawl datasets could be prioritised over towed camera 

datasets in areas across the outer shelf where S. dimorphus was highly abundant, while towed 

camera datasets could be prioritised across the shelf edge and upper canyons, where 

O. trimeni tended to dominate. However, Ophiura aggregations have been observed to be 

highly variable from one year to the next (Gage & Tyler, 1982), so this species may not 

represent stable long-term patterns usually required for bioregionalizations. However, due to 

limited knowledge of offshore epifaunal distributions over time, further comparisons and 

analyses of epifaunal patterns from these sampling methods over longer temporal periods are 

strongly advised before conclusions are drawn.  

Co-correspondence analysis (Co-CA, ter Braak & Schaffers, 2004) has been shown to be a 

useful tool for comparing patterns of assemblage structure between sampling methods, 

especially when methods are challenging to compare due to discrepancies in sampling effort 

(Brandt, 2022). However, comparing diversity and composition between datasets are advised 

to accompany Co-CA, to aid determining the direction of correlated patterns, since Co-CA 

does not indicate if patterns are negatively correlated (Hanson et al., 2015). Another 

eigenvector-based analysis, Moran’s Eigenvector Maps (MEMs, Dray et al., 2006), has been 

shown to be useful when comparing assemblages across broad, meso and fine spatial scales 

in the marine environment (Silberberger et al., 2019). Similar to Co-CA, the first MEMs 

extracted indicate high positive eigenvalues and spatial autocorrelation in broad scale 

structure. However, further negative eigenvalues can be extracted to reveal spatial structure 

at finer scales (Silberberger et al., 2019). Such an analysis may be better suited at clarifying 

congruence when it is suspected that similarities may differ depending on the spatial scale. 
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These findings have implications for bioregionalizations based on abundance data, however, 

univariate comparisons of species richness were almost significantly similar in patterns across 

sites in this study. As such, it is possible that bioregionalizations based purely on species 

richness may provide similar patterns regardless of which sampling method is used. 

Irrespective of the degree of congruence in abundance data collected between sampling 

methods, trawl surveys cover a much greater extent across the South African shelf both 

spatially and temporally. Their long-term, systematic sampling design across the west and 

south coasts on an annual basis makes these datasets ideal for deriving a regional scale 

bioregionalization using abundance data (e.g. Murillo et al., 2016; Pitcher et al., 2018). Despite 

the relatively greater invasive nature of trawl sampling (Hiddink et al., 2017; Sink et al., 2012a) 

and recent global calls to phase this research approach out (Trenkel et al., 2019), in a South 

African context, sampling with both camera and trawl methods is mostly restricted to sandy 

shelf ecosystems, having less of an impact on the seafloor compared to hard ground 

ecosystems (Sink et al., 2012a). While it is noted that trawling in this context is assumed to 

have a minimal impact, towed cameras are acknowledged as having a lower impact in 

comparison (Cailliet et al., 1999; Lirman et al., 2007; McCormick & Choat, 1987; McIntyre et 

al., 2015; Spencer et al., 2005; Williams et al., 2015). However, even towed cameras are too 

destructive for highly sensitive ecosystems or marine protected areas, which are better 

sampled by ROVs (e.g. Adams et al., 2020) or AUVs (e.g. Doherty et al., 2018; Ferrari et al., 

2018). By applying a data-driven approach to bioregionalization for the southern Benguela 

shelf (western margin) of South Africa, this study has shown that epifaunal abundance data 

collected by trawl surveys can provide reasonable estimates of bioregions, finding similarity 

with previously observed distributions on the western margin (Atkinson et al., 2011b; Karenyi, 

2014; Lange & Griffiths, 2014; Roel, 1987; Roeleveld et al., 1992; Shah, 2018; Sink et al., 

2012b; Sink et al., 2019b; Smale et al., 1993).  

Since this study was intended as a baseline analysis using limited biological and 

environmental datasets, further investigations into optimal combinations of environmental 

predictors and species are strongly advised. Low temperatures and low values of dissolved 

oxygen at the seafloor were shown to be useful at predicting the upper slope and inner shelf 

bioregions respectively, while bioregions across intermediate depths were not as well defined 

by the environmental predictors included in this study. Therefore, a wider suite of 

environmental predictors should be tested which may better explain biological patterns across 

intermediate depth ranges. Examples of environmental variables which have been found to 

predict epifaunal patterns include sediment particle size or substratum type (Buhl-Mortensen 

et al., 2012; Callaway et al., 2002; de Juan et al., 2013; Ganesh & Raman, 2007; Makwela, 
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2017; Pitcher et al., 2012), sediment organic matter (Ganesh & Raman, 2007), particulate 

organic carbon (Levin et al., 2001; O'Hara et al., 2020; Woolley et al., 2016), current speeds 

(Stephenson et al., 2022) and trawling intensity (de Juan et al., 2007; de Juan et al., 2013).  

It would also be good practice to compare the outputs from the RCP method with other 

statistical techniques which can produce bioregionalizations, such as classifying outputs of 

gradient forest models (‘predict, then classify’ approach) which have successfully been applied 

to produce marine bioregionalizations for Australia (Pitcher et al., 2018) and New Zealand 

(Stephenson et al., 2018; Stephenson et al., 2022). Where towed camera surveys have been 

conducted on the shelf, data-driven bioregionalizations could be produced based on towed 

camera data for those locations. This will further serve to compare patterns between sampling 

methods. If strong differences are found it is likely that sampling methods are detecting 

patterns at different spatial scales, and towed cameras can therefore be prioritised to inform 

patterns at finer scales than trawls. 

Though seemingly apparent, it is worth noting that the relative importance of various 

environmental predictors will depend on the number and type of species used as response 

variables, since epifaunal species respond differently to their environment (Ellingsen et al., 

2007). As such, care should be taken to select relevant environmental predictors for the 

species used. This may be determined from pre-existing literature or by using statistical tools 

such as generalized additive models (GAMs) for each species (Hill et al., 2017; Hui et al., 

2013). Additionally, the number and type of environmental predictors included in models tend 

to influence the number of bioregions delineated (i.e. the spatial scale of the 

bioregionalization). Future efforts should take care to consider covariates which are important 

for driving biological patterns at the relevant scale and are represented by data layers at the 

appropriate resolution (Rowden et al., 2018). A greater number of environmental variables is 

likely to delineate bioregions at smaller spatial scales, since more gradients of responses (e.g. 

RCPs in this study) are identified. Variables which are less varied over fine scales, such as 

temperature and salinity, tend to be better predictors at broad spatial scales and delineate 

fewer bioregions, while those which are more variable over fine spatial scales, such as 

sediment and terrain characteristics, would be better predictors of species at fine spatial scales 

and delineate a greater number of bioregions (e.g. Buhl-Mortensen et al., 2020). Including 

relevant environmental variables is also advised from a perspective of reducing values of 

dispersion which result in highly variable estimates of abundance, as seen in this study. 

Further investigation into species-environment relationships is therefore recommended to 

explain the high variability across sites observed for some species. 
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Bioregionalizations are most beneficial when they can provide information for as many 

applications as possible. Failing to incorporate measures of uncertainty into mapped outputs 

is a limitation of expert-derived maps (Woolley et al., 2019) which may have inaccuracies due 

to limited spatial detail (Jetz et al., 2019). RCP models overcome this challenge by providing 

maps of spatial uncertainty in predicted bioregions through simultaneous classification and 

prediction (Foster et al., 2013). Measures of spatial uncertainty are informative for 

communicating to decision makers and managers and for identifying areas where 

relationships between biological assemblages and their predictors may not be as well 

understood, thereby enabling prioritisation of future research needs (Woolley et al., 2019). 

Whichever approach or statistical method is chosen to derive bioregionalizations, it is clear 

that measures of uncertainty should be incorporated. This study found greater uncertainty 

attributed to intermediate depths, highlighting that further investigation into species-

environment relationships should be prioritised in these areas. 

Limitations 

This study was mostly limited by a lack of data available to quantify patterns between sampling 

methods and determine bioregions. Towed camera and trawl sampling methods have not 

intentionally been deployed at the same location, resulting in a limited number of trawl and 

towed camera sites which were deemed suitably comparable. Although sites compared were 

relatively close in location and sampled at similar depths and within the same classified 

ecosystem type, it is possible that some of the sites compared were not truly from the same 

assemblage of species. This could have resulted in patterns which appeared more different 

than they truly are. Furthermore, the small sample size (18 sites) may have been insufficient 

to detect congruence, if patterns were indeed significantly similar.  

A lack of suitable environmental data layers limited the number of bioregions which were 

adequately defined. Freely available and comprehensive benthic data layers at appropriate 

resolutions are limited in South Africa (Sink et al., 2023). Therefore, only environmental 

variables collected in-situ during trawl surveys, and a variable easily derived from bathymetry, 

were considered. Since only three of these variables were not highly collinear, they were all 

included for modelling. However, ideally covariate selection should be supported by data, 

using only the covariates which best explain patterns in biological assemblages. While variable 

selection is not always straightforward and can be a downside to data-driven 

bioregionalizations (Rowden et al., 2018), various approaches can be utilised. These may 

include exploring species-environment relationships prior to modelling with e.g. GAMs (Hill et 

al., 2017; Hui et al., 2013), incorporating a forward selection routine (e.g. Hill et al., 2017) or 
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using a modelling method which is more robust to highly collinear variables (e.g. gradient 

forests, Pitcher et al., 2012). Model validation was similarly not able to be performed due to 

the unavailability of additional verified trawl datasets, which is acknowledged as a limitation to 

being able to fully assess model performance.  

Conclusion 

This pilot study on the western margin of South Africa produced the first data-driven 

bioregionalization using trawl collected epifaunal abundance. Data-driven bioregionalizations, 

particularly when informed by abundance data, provide valuable information for management 

and decision-making and are able to include quantified uncertainty measures. Expert-derived 

approaches, using only occurrence records, are limited by their inability to assess uncertainty 

(Woolley et al., 2019). Though it is acknowledged that inputs derived from experts are 

invaluable, and data-driven maps should ideally still be verified with expert opinion and 

validated against independent datasets (Bowden et al., 2021; Limongi et al., 2023), this study 

highlights the feasibility of using quantitative data from trawl surveys to produce data-driven 

bioregionalizations in South Africa. 

An initial investigation into the congruence of epifaunal abundance patterns collected using 

trawl and towed camera sampling methods established a baseline for further comparisons. 

Comparisons can be necessary in order to optimize methods of sampling for effective 

management and quantifying differences in patterns between methods of sampling should be 

prioritized before important management decisions are made (Przeslawski et al., 2018). 

Ultimately, the quality and quantity of data available and used affect the outcome of any 

analyses and the detection of patterns (Bowden et al., 2021; Strong, 2020). Careful 

consideration should always be taken when selecting a method to collect or analyse data, 

depending on the aims of the study (Uzmann et al., 1977; Williams et al., 2015). While general 

advantages and limitations of using different methods may be expected, the ecological 

congruence of patterns detected between sampling methods appears to be dependent on the 

species or habitat being sampled (Flannery & Przeslawski, 2015; Mellin et al., 2011). This 

study suggests both trawl and towed camera sampling methods offer valid information about 

epifaunal patterns when informing data-driven bioregionalizations in South Africa.  

The knowledge gleaned from this study has provided an initial quantitative exploration on the 

use of epifaunal abundance data for informing data-driven marine bioregionalizations in South 

Africa. This study provides a useful foundation on which to build upon and conduct further 

research into data-driven marine bioregionalization and ecosystem classification in South 

Africa.   
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Appendices 

APPENDIX A – Species conversions from biomass to abundance 

Conversions from species biomasses to abundances for selected trawl species where abundance 
estimation was deemed reasonable and possible. Average weight per individual was estimated based 
on previous trawls where both biomass and abundance had been recorded for that species. Where 
weights were variable due to the species being colonial (and weights were small), 1 individual was 
assumed. Abundances here are unstandardized and represent the total raw abundance estimated per 
trawl for each species. Weights are rounded off to three decimal places and abundances are rounded 
up to the nearest individual.  
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APPENDIX B – Number of taxa per sampling method 

Epifaunal species/morphospecies recorded across the 18 sites by towed camera and trawl sampling 
methods, showing the overlap in species sampled by both methods (last column). Total species counts 
for major taxa and sampling methods are shown (S = total number of species/morphotaxa). Major taxa 
are at the Class level, except for Malacostraca (Decapoda, Isopoda, Stomatopoda) – shown at the 
Order level due to its large contribution to composition. Major taxa were categorised as ‘other’ if there 
were fewer than 3 species in total recorded for that taxon.  
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APPENDIX C – Species abundances per site 

Epifaunal species/morphospecies abundances recorded at each site (1-18) by the towed camera and trawl sampling methods. 
Abundances are standardised to individuals.m-2 for the towed camera and individuals.1000 m-2 for the trawl, rounded off to 
three decimal places. The most abundant species per site and sampling method are highlighted in bold.  
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APPENDIX D – Ophiura trimeni aggregations 

Source: SAEON, Benthic Trawl Experiment, 2018 (site 5)  

Source: SAEON, West Coast Visual Survey, 2019 (site 13) 
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APPENDIX E – Environmental data of trawl sites 

West coast trawl surveys 2017 – 2020 with environmental data extracted from on board CTD. Slope 

was derived from a bathymetry layer (de Wet & Compton, 2021). Data will be served through SAEON 

once examination is complete. Available at this google sheet [Accessed: 2023, 2 April]: 

https://docs.google.com/spreadsheets/d/1WsonDY40yAj9iOc5UFW4HVRw8_ratyVS/edit?usp=sharin

g&ouid=107838058637726807861&rtpof=true&sd=true 
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APPENDIX F – Estimated RCP model parameters 
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APPENDIX G – Estimated RCP species profiles 

Species catch profiles for each bioregion (RCP 1–5). Profiles based on mean predicted abundances (individuals per 30-minute trawl site) ± lower and upper 
confidence intervals (CI). 
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