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RESUMO 

Um dos principais objetivos da ecologia é a determinação de áreas prioritárias para 

preservação. A designação destas áreas leva em consideração diversos fatores, dentre eles 

a capacidade de preservar uma espécie chave ou determinada biodiversidade. Uma das 

formas mais eficientes para a identificação de tais áreas é uso de modelos estatísticos para 

determinar a ocupação e o grau de presença das espécies espacialmente. Com os recentes 

avanços tecnológicos tanto computacionais quanto na aquisição de dados ambientais de 

alta resolução por satélites, estas ferramentas têm se tornado cada vez mais robustas. Em 

ambientes marinhos, a logística para a coletas de dados e observações de fenômenos 

ecológicos costuma ser excessivamente dispendiosa e complicada. Com isso, desenvolver 

predições para distribuições de espécies em áreas não coletadas, baseadas em dados 

coletados em diferentes locais associadas a informações ambientais adquiridas 

remotamente, muitas vezes de forma gratuita, torna-se essencial. No presente trabalho, 

foram utilizados métodos de estatística Bayesiana afim de se desenvolver predições e 

gerar mapas das distribuições espaciais de peixes marinhos da plataforma continental do 

Rio Grande do Norte, no nordeste Brasileiro. Para tal, duas metodologias foram 

abordadas em forma de dois artigos distintos. No primeiro, foram desenvolvidos modelos 

de distribuição espacial da riqueza de espécies desta fauna. No segundo, as espécies foram 

agrupadas em grupos funcionais, baseados em característica de história de vida de cada 

espécie, para os quais foram desenvolvidos modelos de distribuição espacial para a 

identificação de zonas de possível vulnerabilidade em relação a funções ecológicas. 

Baseado nos resultados de ambos os trabalhos, pode-se apontar duas áreas de importante 

valor ecológico tanto para a preservação de grande biodiversidade de peixes quanto 

otimizar a preservação de funções ecológicas preservando o funcionamento adequado 

deste ecossistema. A primeira é uma região mais afastada da costa que engloba recifes 

próximos à quebra da plataforma continental e campos de algas fanerógamas, 

caracterizando um mosaico de habitats. A segunda caracteriza-se por estar próxima a 

costa em áreas sob influência de estuários. Espera-se que os resultados aqui obtidos e a 

metodologia utilizada possam servir para um futuro manejo mais adequada da área bem 

como para o desenvolvimento de novos trabalhos com a mesma abordagem em diferentes 

localidades. 

Palavras-chave: vulnerabilidade funcional, redundância funcional, modelos 

hierárquicos Bayesianos 
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INTRODUÇÃO GERAL 

 

A ecologia tem buscado cada vez mais por formas eficazes de se preservar e utilizar 

de maneira sustentável os recursos marinhos, especialmente através do planejamento 

espacial marinho (MSP) (Lubchenco, Palumbi, Gaines, & Andelman, 2003). Entretanto, 

a identificação de áreas para a utilização racional destes recursos ainda é uma tarefa 

complicada uma vez que o comportamento, distribuição local e preferência  por habitats 

de várias espécies ainda são pouco compreendidos (Cook & Auster, 2005). 

Em muitos casos os métodos de conservação da fauna marinha ainda são focados em 

uma espécie chave ou padrões de algumas espécies como índices de endemismo ou 

raridade (Margules & Pressey, 2000; Roberts et al., 2003; Sarkar et al., 2005). Tais 

práticas geram resultados como a proteção de áreas demasiadamente grandes, que apesar 

de muitas vezes representa um cenário ideal, por vezes estão aquém da realidade (Reid, 

Almeida, & Zetlin, 1999). A designação de grandes áreas pode ser ainda mais complicada 

considerando fatores sociais e econômicos relacionados à pesca. Portanto, é essencial que 

áreas designadas à proteção marinha e manejo de recursos pesqueiros englobem a maior 

biodiversidade e habitats críticos possíveis, minimizando os danos de impactos e 

possíveis erros de cálculo (D. Mouillot et al., 2014; Sumaila, 2000). Além disso, é 

importante que tais áreas tenham tamanhos manejáveis considerando contextos 

socioeconômicos e infraestruturas de órgãos fiscalizadores locais. Para isso, determinar 

áreas de proteção com base na complexidade e variedade de habitats pode ser uma forma 

mais prática de abranger uma maior biodiversidade, especialmente em situações onde os 

dados da distribuição espacial da biodiversidade são escassos (Dalleu et al., 2010).  

Um ótimo exemplo de áreas com tais características são os ecossistemas recifais, pois 

tais áreas e suas adjacências incluem, além dos recifes, outros habitats e corredores 
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ecológicos para a biodiversidade (Dalleu et al., 2010).  Estes ecossistemas estão entre os 

mais ricos em biodiversidade marinha com um grande número de espécies as quais 

dependem estritamente desses habitats (Roberts et al., 2002). Além disso os recifes estão 

severamente ameaçados por atividades antrópicas (Carpenter et al., 2008), como  

sobrepesca, poluição, extração de recursos, mudanças climáticas, perda de habitat e 

espécies invasoras que geram impactos severos na saúde, distribuição e abundância dos 

organismos (Dunn & Halpin, 2009; Mora et al., 2011). 

Além da riqueza de espécies, outro tipo de diversidade que muitas vezes é 

negligenciado em ações de conservação e manejo é a diversidade funcional (Guillemot, 

Kulbicki, Chabanet, & Vigliola, 2011). De fato, a importância da diversidade funcional 

tem sido foco de atenção nos últimos anos em relação à riqueza taxonômica (Cadotte, 

2011), pois mudanças na diversidade funcional podem afetar a estabilidade, resistência e 

resiliência de assembleias de espécies e ecossistemas de forma mais profunda do que 

mudanças na composição de espécies (D. Mouillot et al., 2014).  

Assim, para definir se uma função é mais importante que suas espécies constituintes 

observa-se o nível de redundância funcional, ou seja, o número de espécies distintas 

exercendo esta função (Walker, 1992). Uma vez que funções redundantes serão mais 

persistentes que as espécies que as constituem, o funcionamento dos ecossistemas com 

alta redundância funcional será mais afetado pela remoção de uma função do que de uma 

espécie (D. Mouillot et al., 2014). As implicações ecológicas desta consideração são 

profundas, uma vez que as alterações nos tipos ou quantidade de grupos funcionais 

acarretariam maiores consequências para o ecossistema do que possíveis alterações na 

composição taxonômica (D Mouillot, Culioli, Pelletier, & Tomasini, 2008). Entretanto, 

há também situações de vulnerabilidade funcional, em que a perda de espécies é 

equivalente à perda de funções, uma vez que frequentemente funções são executadas por 
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apenas uma espécie (D. Mouillot et al., 2014). Na realidade, a dinâmica dos ecossistemas 

é garantida por diversos grupos funcionais, com alguns altamente redundantes e outros 

representados por apenas uma ou poucas espécies (Guillemot et al., 2011). Assim, um 

ecossistema pode ser considerado funcionalmente redundante como um todo e portanto, 

mais estável, resistente e resiliente, dependendo da razão entre número de espécies e suas 

funções (Micheli & Halpern, 2005). Portanto, considera-se que o funcionamento dos 

ecossistemas depende da intensidade e de como é a relação entre diversidade funcional e 

diversidade taxonômica, o que ainda é pouco compreendido em praticamente todos os 

ecossistemas (Guillemot et al., 2011; Naeem, 2009). 

Outro aspecto ainda pouco estudado em relação à redundância e vulnerabilidade 

funcional são suas distribuições espaciais. Dependendo da extensão estudada, o nível de 

redundância funcional da área como um todo pode ser considerado alto, com baixa 

vulnerabilidade funcional (Mouillot et al. 2014). Tal situação pode mascarar áreas em 

menor escala que apresentariam baixa redundância funcional, uma vez que nem sempre 

todas as espécies de um grupo funcional obrigatoriamente se sobrepõem em suas áreas de 

ocupação. Como consequência, é importante compreender como os grupos funcionais 

estão distribuídos espacialmente, ou seja, como é a distribuição espacial da riqueza de 

espécies dentro cada grupo funcional  (Steinmann et al. 2009). 

Informações espaciais da distribuição da ictiofauna residente e um sólido 

conhecimento das relações entre estes animais e seu ambiente são importantes para a 

criação de áreas protegidas e desenvolvimento de planos de manejo (Bellwood et al. 2004; 

Pennino et al. 2013; Paradinas et al. 2015; Roos et al. 2015). Neste contexto, o 

mapeamento de habitats e de espécies constitui uma ferramenta essencial pois fornece 

uma visão clara da espacialização dos recursos marinhos (Guisan and Zimmermann 2000; 

Young and Carr 2015). De fato, modelos de adequação de habitat são extensamente 
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utilizados tanto em sistemas terrestres quanto marinhos para quantificar nichos de 

espécies, relações espécie-ambiente e gerar predições de ocorrência ou densidade em 

áreas não coletadas (Muñoz et al. 2013). A aplicação de tais modelos permite desde a 

caracterização de padrões geográficos de distribuição de espécies, a identificação de 

mudanças ontogenéticas espaciais em táxons comercialmente sobre explorados e até 

mesmo testar os efeitos de mudanças climáticas na distribuição dos organismos (Lauria 

et al. 2015). 

Vários algoritmos de modelagem estão sendo aplicados para estimar e prever padrões 

espaciais de biodiversidade em função de uma série de variáveis ambientais (Leathwick 

2009). Entretanto, a maioria destas aplicações não consideram a incerteza das predições 

ou a correlação espacial, muitas vezes ferindo as premissas de independência entre as 

observações (Muñoz et al. 2013). Atualmente, modelos espaciais hierárquicos, 

notadamente aqueles que utilizam a inferência  Bayesiana, são uma alternativa viável com 

baixo custo computacional (Rue et al. 2009; Pennino et al. 2013). De fato, na metodologia 

Bayesiana, as inferências sobre incerteza, baseadas nos dados coletados e modelos, são 

geradas de forma automática juntamente com as predições (Banerjee et al. 2014). Além 

disso, como a dependência espacial dos dados pode ser capturada, a auto-correlação 

espacial pode ser adicionada aos modelos como um efeito aleatório (Latimer et al. 2006). 

Neste estudo, modelos hierárquicos Bayesianos foram utilizados em combinação com 

variáveis ambientais obtidas por sensoriamento remoto com dados da pesca experimental 

sendo desenvolvidos modelos espaciais preditivos para a ictiofauna da plataforma 

continental da bacia potiguar. Foram elaborados modelos preditivos para riqueza e 

abundância de espécies bem como a distribuição espacial de grupos funcionais e suas 

respectivas riquezas de espécies, afim de se identificar hotspots de diversidade assim 

como áreas de maior resiliência e vulnerabilidade funcional.  Para tal, foi empregada a 
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metodologia de Rue et al. (2009) de aproximações de Laplace aninhados integrados 

(INLA) como alternativa aos métodos de cadeia de Markov Monte Carlo (MCMC) 

(Gamerman & Lopes, 2006). O método é vantajoso pois, simulações em MCMC 

requerem muito tempo e capacidade computacional e a realização de predições para 

modelos espaço-temporais complexos torna-se, por muitas vezes, inviável. Em contraste, 

a metodologia INLA produz aproximações precisas para distribuições marginais a 

posteriori¸ fornecendo resultados rápidos e robustos. Essa abordagem facilita muito a 

realização de análises Bayesianas proporcionando uma maneira direta e clara de se 

computar diferentes medidas de comparação e avaliação do ajuste e predição dos modelos 

(Rue et al. 2009; Muñoz et al. 2013). 

Os mapas preditivos, gerados com essa abordagem fornecem ferramentas para 

auxiliar na identificação de áreas sensíveis colaborando para a implementação efetiva do 

planejamento espacial marinho e auxiliando na conservação e manejo da área em questão. 

Também podendo ser facilmente utilizada em outros locais e aplicações.  Além disso, 

com o constante aumento e acessibilidade às imagens de satélite que auxiliam nestes 

mapeamentos de habitats, a metodologia aqui apresentada poderá trazer grandes melhoras 

e ferramentas de fácil utilização para a conservação dos recursos pesqueiros e dos 

ecossistemas marinhos. Por fim, ao se modelar os padrões espaciais tanto da riqueza de 

espécies quando dos grupos funcionais de peixes marinhos, pode-se compreender melhor 

tais padrões e utilizar essa informação conjunta (riqueza e grupos funcionais) na 

determinação de áreas prioritárias para medidas de preservação. 
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CAPÍTULO 1 

 

IDENTIFYING FISH DIVERSITY HOT-SPOTS IN A MARINE MULTI-HABITATS ECOSYSTEM. 

A ser submetido: Marine Environmental Research, (Qualis: A2, FI:2.762 – 2014) 

 

 

RESUMO 

Um dos maiores desafios do planejamento espacial marinho (MSP) é a identificação de 

áreas importantes para o manejo e conservação de recursos pesqueiros. Ainda hoje, 

muitas abordagens em conservação marinha se focam e apenas uma ou poucas espécies, 

o que frequentemente resulta em recomendações de áreas extremamente grandes para 

proteção, o que é inviável na maioria dos contextos. Como alternativa, uma abordagem 

interessante seria a identificação de uma área que englobasse a maior quantidade de 

diferentes habitats possível e assim proteger uma maior biodiversidade por área. Para tal, 

são necessárias informações espaciais da distribuição geográfica da riqueza de espécies, 

o que pode ser obtido através do mapeamento de habitats e espécies. Contudo, a maioria 

dos algoritmos de modelagem são apenas explanatórios e não levam em consideração 

fatores como correlação espacial e incerteza. Este estudo supera estes problemas 

utilizando modelos espaciais hierárquicos Bayesianos que incorporam a correlação 

espacial e fornecem inferência da incerteza nas predições em regiões não amostradas em 

um complexo de habitats. Os resultados revelaram maior agregação de espécies em áreas 

de maior rugosidade e complexidade do fundo marinho. Ou seja, as variáveis rugosidade 

e efeito espacial explicaram a distribuição da riqueza de espécies de peixes. Da mesma 

forma, a temperatura da água na superfície e o efeito espacial explicaram a distribuição 

da abundância, em peso, da comunidade de peixes estudada. Utilizando-se de dados 

ambientais gratuitos de satélite e dados biológicos coletados em expedições científicas, 

os resultados aqui apresentados ajudam a compreender e delimitar os padrões espaciais 

da biodiversidade de peixes locais. A identificação de hotspots é um importante primeiro 

passo no caminho para o desenvolvimento de programas de manejo para garantir a 

sustentabilidade de áreas que incluam o maior número de espécies e habitats possíveis.  
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ABSTRACT 

One of the most challenging tasks in Marine Spatial Planning (MSP) is the 

identification of important areas for management and conservation of fish stocks. To date, 

most approaches in marine conservation are based on the identification of habitat 

requirements of one or few species at a time, that has often resulted in extremely large 

areas being recommended for protection, which is usually unviable in most contexts. 

However, as an alternative approach could be the identification of a unique area 

comprising as more habitat complexity as possible, hence, protecting more biodiversity 

per area.  To do so, spatially explicit information of the geographic distributions of 

species richness is necessary and can be obtained through habitat and species mapping. 

However, most modeling algorithms are only explanatory and don't account for spatial 

correlation and uncertainty. This study overcome this gap by using hierarchical spatial 

Bayesian models that incorporates the spatial autocorrelation into the model while 

providing inference on uncertainty and prediction at unsampled sites in a multi-habitat 
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ecosystem. Results revealed higher species aggregations on areas with higher sea floor 

rugosity and habitats complexity. Moreover, rugosity and the spatial effect explained the 

species richness distribution on the area, likewise, sea surface temperature and the spatial 

effect explained the spatial patterns of the fish community abundance, in weight. Making 

use of airborne open-access satellite imagery and biological data collected on scientific 

expeditions, the results here presented helps to make explicit identification and 

delimitation of spatial patterns of fish biodiversity and abundance. The assessment of 

these hot-spots is an important first step towards the development of a management 

program to ensure the sustainability of areas that include as much species and critical 

habitats as possible.  

 

INTRODUCTION 

 In the recent years there was an increasing demand in marine ecology for more 

effective Marine Spatial Planning (MSP) in order to aid conservation and restore 

sustainable exploitation of marine fisheries (Lubchenco et al. 2003). In fact, about 76% 

of the fish stocks are already fully exploited or over-fished, and each year billions of 

unwanted fish and other animals - like dolphins, marine turtles, seabirds, sharks, and 

corals - needlessly die from inefficient, illegal, and destructive fishing practices (WWF 

Global). However, identifying effective areas for efficient management and conservation 

is a challenging task as habitat requirements and preferences of most species are still 

poorly understood (Cook and Auster 2005).  

 Thus far, most approaches in marine conservation are based on the identification 

of habitat requirements of one species at a time or species-specific standards such as rarity 

and endemicity (Margules and Pressey 2000; Roberts et al. 2003; Sarkar et al. 2005). This 

has resulted in extremely large areas being recommended for protection, which is usually 
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unviable in most contexts (Reid et al. 1999), especially given the social and economic 

relevance of fishing resources. Therefore, it is essential that the marine protected areas as 

well as areas considered for effective management embrace as much biodiversity and 

critical habitats as possible, hence, protecting the whole ecosystem against unpredicted 

impacts and potential miscalculations (Sumaila 2000; Mouillot et al. 2014). For that, 

rather than allocating such areas on a species-specific basis, one might protect, areas with 

more habitat complexity and variability that in return tend to shelter more biodiversity 

(Dalleu et al. 2010). Indeed, habitat variability, in terms of different geo-environments as 

seagrass beds and mangroves could be very important in the marine landscape in relation 

to particular vulnerable habitats as coral reefs, because they could influence the 

connectivity and accessibility from the reef (both for fishes that use these habitats for 

shelter or feeding, and their predators and preys) (Dorenbosch et al. 2007). Reef habitats 

represent some of the most biologically diverse shallow water marine ecosystems and 

numerous species of varied taxa are highly dependent of their environment as their niche 

is restricted to them (Roberts et al. 2002). Therefore, by protecting areas of reef 

complexes and its surroundings the chances of protecting a variety of different habitats is 

increased, hence, protecting additional species not necessarily directly related to the reef 

system (Dalleu et al. 2010). In addition, reefs are severely threatened by human activities 

(Carpenter et al. 2008). Threats such as overfishing, pollution, resource extraction, 

climate change, loss of habitat and invasive species have severe impacts on distribution, 

abundance and overall health of organisms (Dunn and Halpin 2009; Mora et al. 2011).  

In order to protect these areas, quantitative spatially explicit information fish and 

community distribution along with a solid knowledge of their relationships with the 

environment is required (Bellwood et al. 2004; Pennino et al. 2013; Paradinas et al. 2015; 

Roos et al. 2015).  In this context, habitat and species mapping are essential tools as they 
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provide a clear picture of the distribution of marine resources, facilitating their 

conversation management (Guisan et al. 2000; Young and Carr 2015). Indeed, habitat 

suitability models are widely used in both terrestrial and marine systems to quantify a 

species realized niche, species-environment relationships and predicting species 

occurrence and/or density at unsurveyed locations (Muñoz et al. 2013). The application 

of such models allows to characterize species geographical patterns, to identify spatial 

ontogenetic shifts of commercially exploited fish species (Lauria et al. 2015b) and to test 

the effect of climate change on species distribution. 

A number of alternative modeling algorithms have been applied to estimate and 

predict the distribution of the species as a function of a set of environmental variables 

(Leathwick 2009). However, most of these applications are only explanatory models that 

don't account for spatial correlation and uncertainty (Muñoz et al. 2013).  

Currently, hierarchical Bayesian spatial models are a viable alternative which 

account for these issues with a low computational cost (Rue et al. 2009; Pennino et al. 

2013). Indeed, inference about uncertainty, based on the observations and models, is a 

byproduct of the model predictions when the Bayesian framework is employed (Banerjee 

et al. 2014). In addition, spatial dependence in the data can be captured incorporating the 

spatial autocorrelation into the model as random effects (Latimer et al. 2006).  

In this study, hierarchical spatial Bayesian models were used in combination with 

remotely sensed estimates of environmental variables to develop spatial predictive 

models for fish species richness and abundance in an ecosystem, rich in different kinds 

of habitats, alternating from mud bottoms and algae prairies to rocky formations and reefs 

(Santos et al. 2007). Bayesian kriging was then used to produce spatial prediction of the 

fish richness and abundance along the study area. Specifically, the integrated nested 

Laplace approximations (INLA) methodology was applied (Rue et al. 2009) and software 
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(http://www.r-inla.org) as an alternative to Markov chain Monte Carlo (MCMC) 

methods. In contrast, INLA produces faster accurate approximations to posterior 

distributions. In addition, this approach makes possible to perform Bayesian analysis in a 

straightforward way and to compute different measures to compare models fit and 

prediction. INLA’s performance has been compared with MCMC and has shown a similar 

reliability (Held et al. 2010). 

Predictive maps generated with this approach could provide essential tools for 

identifying sensitive areas; help the implementation of a marine spatial planning, and 

thus, the conservation of marine complexes of habitat rich areas. In conclusion, with 

increasing availability of space-borne imagery to aid in habitat mapping, the approach 

presented here could provide substantially improvements and ease of use tools for 

fisheries conservation enhancing the marine spatial planning process. 

 

MATERIAL AND METHODS 

Study area 

The study area is located in the south Atlantic Ocean and comprises the northern 

coastal shelf of Rio Grande do Norte between 36° 58' 12" - 35° 22' 48" W and 5° 9' 25.2" 

- 4° 48' 46.8" S (Fig.1). This continental shelf ranges from 40 to 50 km and maximum 

depth of 60 m (Vital et al. 2005). Situated between the municipalities of Tibau and 

Touros, the area extends for about 244 km. The climate is tropical dry or semi-arid with 

a dry season from May to December and rainy season between January and April. Mean 

rainfall ranges from 601 to 854 mm but can get up to 2.238 mm annually (Nimer 1989; 

Vital et al. 2005; Tabosa 2006). The main economic activities in the area are oil 

exploration, both marine and terrestrial, salt industry and shrimp farming (Vital et al. 

2005). 
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Data sampling 

 Fisheries data was collected between March 2013 and June 2014 during 

experimental fishing surveys. Sampling stations were placed randomly and geographical 

information was recorded by GPS Garmin® e-Trex.  Gillnets were employed to collect 

42 samples on depths ranging from 4.6 to 36 m. The nets were made of nylon 

monofilament with 40 to 60 mm between knots mesh, length of 509 to 3644 m and 2 m 

height.  

 Species richness was used as index to describe the community in terms of the 

actual number of species included in any particular sample and was used to predict the 

habitat suitability of the whole species community (Xavier et al. 2016). Richness statistics 

were computed as species richness per unit effort (RPUE), as the total number of species 

in a haul, standardized per haul duration (in h) and area of the net (in m2), because of its 

markedly variability between different sampling stations (Robertson et al. 2013). 

Following similar procedure, the catch per unit effort (CPUE) as the total catch in a haul 

(in kg.), was standardized with the effort (haul duration (in h) and area of the net (in m2)) 

as an offset in the models. The CPUE was used as a proxy of the abundance of the whole 

species community in the studied area (Eloranta et al. 2016). Calculations were based on 

weight per species rather than number of individuals, in order to reduce the bias caused 

by large schools of smaller fishes providing a more ecologically suitable measure (Wilhm 

1968). For all models both procedures of standardization by unit of effort were tested and 

only the methods which provided the best fit for the data were selected. 

Environmental variables 

 Six environmental variables were considered as potential predictors of RPUE and 

CPUE, selected for being known to influence the species distribution (Fig.2). These 

included two climatic variables – Sea Surface Temperature (SST) and sea surface salinity 
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(SSS) – four bathymetric features – depth (De), slope (Sl), distance to coast (Di) and 

rugosity (Ru) of the seabed. All variables, except for rugosity, were derived from the 

MARSPEC database, (http://www.marspec.org). MARSPEC is a world ocean dataset 

with a spatial resolution of 0.01 x 0.01 decimal degrees developed for marine spatial 

ecology (Sbrocco and Barber 2013). Conversely, rugosity was derived from the depth 

map using the “Terrain Ruggedness (VRM)” of the “Benthic Terrain Modeler” tool in 

ArcGIS 10.2.2. The VRM measures rugosity as the variation in three-dimensional 

orientation of grid cells within a neighborhood. This method effectively captures 

variability in slope and aspect into a single measure (Sappington et al. 2007).  

Depth and distance to coast were considered for analysis as they are some of the 

main factors controlling species distribution and it have been identified as key predictors 

to determine spatial patterns of many species and fish communities (Lauria et al. 2015a; 

Roos et al. 2015). Bathymetry derived parameters, such as slope and rugosity, are 

indicative of seabed morphology and have been used as predictors of species distribution 

and suitable habitat (Gratwicke and Speight 2005; Pittman and Brown 2011; Lauria et al. 

2015a, 2015b). Low values of slope correspond to flat ocean bottom (usually areas of 

sediment deposition) while higher values indicate potential rocky ledges (Lauria et al. 

2015a). Similarly, rugosity works as indicator of seafloor complexity highlighting minor 

variation in the seabed topography (Lauria et al. 2015a). Rugosity values are scaled 

between 0 (no terrain variation) to 1 (complete terrain variation). Commonly, 

unconsolidated substrate, such as mud and sand, correspond to low rugosity values, thus, 

high rugosity values are associated to potential rocky substrate. This parameter is 

considered to be a useful surrogate for benthic diversity where there is no detailed 

information on sediment type and structure (Pittman et al. 2007; Dunn and Halpin 2009; 

McArthur et al. 2010).  
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Salinity and SST are strongly related to marine system productivity as they can 

affect nutrient availability, metabolic rates and water stratification (Pennino et al. 2013). 

Annual average maps of salinity (expressed in Practical Salinity Units) and SST 

(expressed in C) covering the entire study period (2012-2014) were used for model 

estimations and predictions, as in the area no significant monthly variation was recorded 

during the explanatory analysis. 

These variables were explored for collinearity, outliers, and missing data before 

their use in the analysis and modeling (Zuur et al. 2010). The variable distance to coast 

was highly correlated (r > 0.4) to depth, and thus, removed from further analyses. Finally, 

to facilitate visualization and interpretation, the explanatory variables were standardized 

(difference from the mean divided by the corresponding standard deviation). 

Statistical models 

Spatial distribution models use the range of sampled environmental variables to 

predict quantities of interest at un-sampled locations based on measured values at nearby 

sampled locations (Roos et al. 2015). Many spatial distribution model algorithms can be 

used to predict the spatial distribution of species, however, these algorithms do not always 

provide accurate results if they are run using traditional prediction methods (frequentist 

inference). That is because there is often a large amount of variability in the 

measurements of both response and environmental variables. To solve this problem, 

hierarchical Bayesian spatial models were used.  

Bayesian methods have several advantages over traditional ones and are 

increasingly used in fisheries research (Muñoz et al. 2013; Pennino et al. 2013; Paradinas 

et al. 2015). Furthermore, they provide a more realistic and accurate estimation of 

uncertainty due to the possibility of using both the observed data and the model 

parameters as random variables (Banerjee et al. 2014). Bayesian methods also allow for 

the incorporation of the spatial component as a random-effect term, therefore reducing its 
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influence on estimates of the effects of geographical variables (Gelfand et al. 2006). 

Indeed, the observed species distribution might be influenced by the species distribution 

in the surrounding locations due to contagious biotic processes. Similarly, environmental 

variables used to describe the locations are neither randomly nor uniformly spatially 

distributed, but structured by physical processes causing gradients and/or patchy 

structures. One consequence of this general property of ecological variables is that the 

assumption of independence of the observations is not respected (Legendre 1993). 

Therefore, it is necessary to incorporate the spatial structure of the data within the 

modeling process. Specifically, by treating the spatial effect as a variable of interest, 

hierarchical Bayesian spatial models can identify additional covariates that may improve 

the model fit and prediction and highlight the existence of possible effects that may affect 

the quantities of RPUE and CPUE. 

 Hierarchical Bayesian point-reference spatial models were used to estimate the 

RPUE and CPUE dependency with respect to explanatory variables. Continuous species 

richness and abundance index, such as RPUE and CPUE, have typically been modeled 

using lognormal or gamma distributions (Lande et al. 2003; Maunder and Punt 2004). In 

this case the gamma distribution was dismissed for both RPUE and CPUE as better 

predictions were achieved using a lognormal model. In particular, the expected values of 

RPUE (µRPUE) in each haul were related to the spatial and environmental covariates, 

according to the general formulation, 

Zi ~ RPUE i = 1, …., p 

log(µRPUEi) = Xiβ + Wi  

βk ~   N(µβk , qβk)  

where µRPUE  = Ui , σ
2
i, β represents the vector of regression coefficients, Xi is the vector 



  

28 
 

of the explanatory covariates at the location i, and Wi represents the spatially structured 

random effect at the location i.   

 Conversely, the expected values of CPUE (µCPUE) was in each haul were modeled 

using Lognormal distribution, following the same general formulation, 

Zi ~ CPUE  i = 1, …., p 

log(µCPUEi) = Xiβ + Wi  

βk ~   N(µβk , qβk)  

where µCPUE  = Ui , σ
2

i β represents the vector of regression coefficients, Xi is the vector 

of the explanatory covariates at the location i, and Wi represents the spatially structured 

random effect at the location i.   

 For both models (RPUE and CPUE), all parameters involved in the fixed-effects, 

had vague Gaussian prior distribution (β ~ N (0.0.01), and thus the posterior distributions 

for all parameters were derived from the data. For the spatial effect, a prior Gaussian 

distribution with a zero mean and covariance matrix was assumed depending on the hyper 

parameters k and  τ, which determined the range of the spatial effect and the total variance, 

respectively (see Pennino et al. 2013 for more detailed information about spatial effects).  

 For each particular parameter, a posterior distribution was obtained. Unlike the mean 

and confidence interval produced by classical analyses, this type of distribution enables 

explicit probability statements about the parameter. Thus, the region bounded by the 

0.025 and 0.975 quantiles of the posterior distribution has an intuitive interpretation: for 

a specific model, the unknown parameter is 95% likely to fall within this range of values. 

A bayesian (point) estimate is the mean of the posterior marginal distribution. 

 Variable selection was performed beginning with all possible interaction terms, 

and based on Deviance Information Criterion (DIC) (Spiegelhalter et al. 2002) and on the 
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cross validated logarithmic score log-condicional predictive ordinate (LCPO) measure 

(Roos and Held 2011) the best combination of variables was chosen. Specifically, 

deviance information criterium (DIC) was used as a measure for goodness-of-fit, while 

LCPO as a measure of the predictive quality of the models. DIC and LCPO are inversely 

related to the compromise between fit, parsimony and predictive quality, i.e. lower values 

of DIC and LCPO represent better goodness-of-fit and better predictive power of the 

model, respectively. 

All the analyses were performed using the Integrated Nested Laplace 

Approximation (INLA) methodology (Rue et al. 2009) and package (http:\\www.r-

inla.org) that is implemented in R software (R Core Team 2015), and all maps were 

created with ArcGIS version 10. 

 

RESULTS 

 Over the 42 samples, a total of 2817 fishes were collected with fish species 

richness (RPUE) and abundance (CPUE) averaging 11 ± 5 species and 28.80 ± 32.91 

kilograms per survey site, respectively (± standard deviation). The most common species 

were Lutjanus synagris occurring at more than 73% of the surveyed sites; Bagre marinus 

and Caranx crysos each at 54%; Haemulon parra and Haemulon plumieri at 50% and 

45% of the surveyed sites, respectively. Haemulon plumieri and Caranx crysos, were the 

most abundant species corresponding to 15% and 10% of the total sampled weight, 

respectively, followed by Lutjanus synagris with 9%, Bagre marinus and Scomberomorus 

brasiliensis each corresponding to 8% of the total weight. 

 The predictive models and resultant maps for the northern continental shelf of Rio 

Grande do Norte highlights different spatial patterns and environmental predictors for 

RPUE and CPUE. The best fitted model of the RPUE (based on the lowest DIC and LCPO 
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values) had as relevant variables the rugosity and the random spatial effect. Specifically, 

the rugosity showed a positive relationship with the expected RPUE values (posterior 

mean = 0.22; 95% CI = [0.12, 0.31], Table 1), i.e. higher RPUE values were found on 

more complex seabed. Salinity, SST, depth and slope showed no relevant effect on RPUE 

variability (Table 2).  

Fig. 3a shows a map of the posterior predicted RPUE, with two large hot-spots. 

One in front of Galinhos near the shelf slope. This area has numerous reef complexes 

and/or beachrocks as well as an oil field with several platforms. The other hot-spot is 

located at the northwest of Touros, encompassing another large reef complex and algae 

prairies. Other smaller points, with high relative RPUE, are near the shore on high 

rugosity and reef rich areas, in front of Areia Branca, Galinhos and Touros. The latter is 

a protected area that covers 180.000 ha of complex sandstone reefs and several benthic 

environments (MPA – APARC). In addition, two low-density RPUE areas were identified 

in front of Macau and at northeast of Galinhos.  

Fig. 3b displays the posterior standard deviation of the response variable RPUE. 

Higher variability was found near the borders of the prediction area, where no samples 

were collected.  

 The effect of the spatial component was consistent with the response variable 

patterns. This means that the variables included in the model as possible predictors totally 

explain the intrinsic spatial variability of the analyzed data. 

 The CPUE best fitted model had SST and the spatial random effect as relevant 

variables. In particular, SST had a negative effect on the CPUE values (posterior mean = 

-1.16; 95% CI = [-2.26, -0.18], Table 3), i.e. higher values of CPUE were found in colder 

waters. Salinity, rugosity, depth and slope showed no relevant effect on CPUE variability 

(Table 4).  
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 Fig. 4a shows a map of the posterior predicted CPUE, with a more homogeneous 

pattern than RPUE. This pattern also indicates a decrease in abundance in shallower 

waters with respect to the deeper ones, were the SST values were higher. In addition, a 

longitudinal gradient of CPUE was found, (increasing from the west to the east) and 

establishing a large area with higher values of CPUE on the eastern portion of the area. 

This area surrounds the reefs protect area (MPA - APARC). Although there is a small 

decline in CPUE over the canyon, it’s not as significant as the one observed for RPUE.  

 Fig. 4b displays the posterior standard deviation of the response variable CPUE. 

Higher variability was found near the borders of the prediction area, where no samples 

were collected. As for the RPUE, the effect of the spatial component was consistent with 

the predicted CPUE patterns. 

 

DISCUSSION 

Effective management of marine ecosystems lack of information on the spatial 

distribution of marine species and have a paucity of knowledge on the species-

environment relationships. Identify and prioritize sites for Marine Protected Areas (MPA) 

designation or to re-evaluate existing MPA boundaries could be, in consequence, 

problematic. The proposed Bayesian spatial modeling approach implemented here 

overcomes these issues, as it offers a unified approach which allows the incorporation of 

spatial random-effect terms, spatial correlation of the variables and the uncertainty of the 

parameters in the modeling process, resulting in a better quantification of the uncertainty 

and accurate predictions. Accurate spatial predictions of species richness and abundance 

can provide an essential tool to promote a more efficient process in MPA boundaries 

selection and provides a cost-effective toolbox in support to the implementation of the 

Marine Spatial Planning. However, misidentification of these areas and uncertain 
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predictions can culminate in inappropriate mitigation practices, which in turn, can 

sometimes have irreversible and undesired consequences (Grazia Pennino et al. 2014).

 The estimated parameters have contributed to reveal important relationships of 

environmental variables with species richness and abundance. Specifically, with the 

available data, the main predictors for RPUE were rugosity and the spatial component. 

Morphological characteristics of the seafloor, as rugosity, have been demonstrated as 

effective predictors of fish species richness distribution across complex reef rich 

ecosystems (Lirman 1999; Gratwicke and Speight 2005; Pittman et al. 2007). These 

results showed a positive relationship between rugosity complexity and RPUE, that could 

be attributed to the fact that an increase in surface area of the substratum correspond to 

an increase in the availability of refuge and the variety of micro-habitats available to 

marine fauna (Graham and Nash 2013).  

 Predictive maps identified RPUE hot-spots in areas that are with some 

information and popular knowledge of the presence of numerous reef complexes and 

beachrocks emerging among other back-reef habitats (as in front of Galinhos and 

Touros), but also in areas for which there is no in depth information about the geological 

type of substratum (as in front Areia Branca). These back-reef habitats, such as seagrass 

beds and mangroves, could be also important habitats to preserve as they could be 

corridors between reef-systems influencing their connectivity (Mumby and Mumby 

2006; Dorenbosch et al. 2007). 

 In addition, one of the hot-spot was identified in the area of an oil field with 

several oil-platforms. Several studies demonstrated that oil and gas platforms act as 

artificial reefs on continental shelves and provide hard substrate in open water that might 

otherwise be unavailable to marine organisms requiring such habitat (e.g. Claisse et al. 

2014; Friedlander et al. 2014). Understanding the biological implications of these 
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structures will inform policy related to the decommissioning of existing (e.g., oil and gas 

platforms) and implementation of emerging (e.g., wind, marine hydrokinetic) energy 

technologies. 

 Two cold-spots were also identified in the area of study, in front of Macau and at 

the northeast of Galinhos. These areas are strongly influenced by freshwater and sediment 

deposition, as they are adjacent to estuarine river mouths (respectively, Piranhas and 

Guamare rivers). This pattern is consistent with other studies that described estuaries and 

coastal wetlands as critical transition zones with a high deposition of sediment that can 

limit inter-gravel water exchange, reduce interstitial dissolved oxygen, and may also 

explain the lower diversity and richness of species (e.g. Levin et al. 2001; Shaw and 

Richardson 2001). However, even with the lower species richness, those areas are of high 

importance for mud dwelling species such as Bagre marinus, Bagre bagre, other Ariidae 

(Garcia Jr et al. 2010) and the maintenance of reef species (Dorenbosch et al. 2007). For 

instance, L. synagris that forms reproductive aggregations on deeper waters outside reef 

areas and recruit on estuaries and mangroves (Colin et al. 2003). With regard to the 

CPUE, results indicate that the main predictors are SST and the spatial component. 

Indeed, predictive maps highlight a strong longitudinal gradient from the west to the east. 

Specifically, the higher CPUE hot-spot is located in the waters surrounding the MPA-

APARC. This pattern could be an indication that this protected area would benefit from 

an expansion of its borders. The expansion of the protected area to the north could help 

protect some of the richest areas, according to the predictions without any major problems 

or overlaps with the small scale fisheries operations. 

 Higher CPUE were found in deeper waters with respect to the shallower ones. 

This could be probably related to the fact that in shallow waters small-scale fisheries 

operates all year long. Indeed, a general decline in the fisheries landings is already been 
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demonstrated for this area (Freire and Pauly, 2010). Moreover, this pattern could also 

represent the presence of either larger fish individuals or schools as well as seasonal 

reproductive or feeding aggregation of species of Lutjanidae present in the area (Colin et 

al. 2003; Teixeira et al. 2004). This is known to be one of the most important biological 

phenomena in tropical reef areas (Colin et al. 2003). 

 Warmer waters showed lower CPUE values than the cooler ones. This may also 

be related to the fact that warmer waters are closer to the continent and is more impacted 

by fishing pressures and other factors such as higher turbidity and salinity fluctuations 

due the adjacent rivers (Vital et al. 2005; Freire and Pauly 2010). Similarly, this lower 

values of CPUE could be influenced again by fish aggregations on deeper waters as 

Lutjanidae have an expressive representation on the total captured weight. Similar 

patterns at regional-scale were described by Leathwick et al. (2006) New Zealand’s 

continental shelf, although such behavior was not observed in the study region. 

Likewise, these results could be in line with one of the climate-change 

consequences, for which species may respond to surface warming by moving to deeper, 

cooler water (Perry 2005). Such complexity of patterns and plasticity of species response 

is still difficult to understand and require a deeper understanding of the dynamics and 

biology of the systems. 

 In conclusion, spatial ecology has a direct applied relevance to resource 

management, but it also has a broad ecological significance. The results presented in this 

work identify hot-spots of richness and abundance in a reef rich ecosystem that could be 

considered as priority sites for protection. Nonetheless, these areas must include as much 

different habitats as possible once those play an important role in sustaining the health of 

the reef community. The assessment of these hot-spots is an important first step towards 

the development of a management program to ensure the sustainability of areas that 
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include as much species and critical habitats as possible. 

 However, in this study an issue is still open. The fact that species and 

environmental data were sampled during a limited period of time, hence, the fitted models 

can only reflect a snapshot view of the expected relationship. Future studies should 

compare the temporal trends of species distribution from additional sampling with a 

widest temporal coverage, although, as mentioned before, no expressive monthly 

variation exists in this area for climatic variables. 

 Finally, it´s important to mention that the analytical approach used here to 

document the spatial patterns of a fish community can be extended to different habitats 

in order to improve knowledge of the role of the environment for populations and 

communities. 
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Fig. 1: Location of the study area at the northeast region of Brazil (Atlantic 

Ocean). Survey sites sampled during 2012-2014 are shown as white dots. 

Bathymetric lines are presented in 10 m intervals. 

 

 

Fig. 2: The spatial patterns of the environmental variables considered as 

potential predictors of RPUE and CPUE. a) Depth (m); b) Slope (degrees); c) 

Rugosity; d) Salinity (PSU); e) Sea surface temperature (C°).  
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Fig. 3: Bayesian estimates of the posterior probability of species richness 

representing preferential habitats (a) and associated prediction’s standard 

deviation (b). 

 

 

Fig. 4: Bayesian estimates of the posterior probability of the CPUE weight 

representing preferential habitats (a) and associated prediction’s standard 

deviation (b). Bathymetric lines are presented in 10 m intervals. 
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Table 1: Numerical summary of the posterior distribution of the fixed effects for the 

best model of RPUE. This summary contains mean, the standard deviation (SD), the 

median and a 95% credible interval, which is a central interval containing 95% of the 

probability under the posterior distribution and the distribution os probabilities used in 

the model. 

 

Predictor Mean SD Q0.025 Q0.5 Q0.975 

Intercept 0.4319 0.3364 -0.2670 0.4222 1.1728 

Rugosity 0.2159 0.0482 0.1216 0.2156 0.3119 

Distribution Lognormal 

 

 

 

 

Table 2: Model comparison for species richness (RPUE) in the northeast shore of Rio 

Grande do Norte. Deviance Information Criterion (DIC) scores measure goodness-of-fit 

and Log-Conditional Predictive Ordinates (LCPO) measure the predictive behavior of 

the model. In both cases, smaller scores represent better models. Parameters with 

asterisks (*) were statistically relevant. The smallest values of DIC, LCPO and the best 

model are in bold for the models were all parameter were statistically relevant. 

Parameters are the intercept (1), depth (De), slope (Sl), mean sea surface salinity (SSS), 

mean sea surface temperature (SST), rugosity (Ru) and the spatial effect (w). 

 

Model LCPO DIC 

1* + De + Sl + Te* + w*  -2.07 -243.0 

1 + SSS + Ru + w* 0.63 47.53 

1 + Ru* + w * 0.64 47.91 

1 + Te* + Ru* + w * 0.63 47.94 

1 + SSS + Te* + Ru* + w* 0.63 48.23 

1 + De + Te* + Ru* + w* 0.65 49.63 

1 + De + SSS + Te* + Ru* + w* 0.65 49.94 

1 + Sl + Ru* + w* 0.66 50.01 

1 + Sl + SSS + Ru* + w* 0.66 50.03 

1 + Pr + SSS + Ru* + w* 0.67 50.21 

1 + Sl + Te* + Ru* + w*  0.64 50.62 

1* 1.064 89.31 

1 + w * 0.84 63.95 
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Table 3: Numerical summary of the posterior distribution of the fixed effects for the 

best model of CPUE. This summary contains mean, the standard deviation (SD), the 

median and a 95% credible interval, which is a central interval containing 95% of the 

probability under the posterior distribution and the distribution of probabilities used in 

the model. 

 

 

Predictor Mean SD Q0.025 Q0.5 Q0.975 

Intercept 0.8753 0.1999 0.4394 0.8841 1.2437 

Temperature -1.1564 0.5194 -2.2623 -1.1358 -0.1821 

Distribution Lognormal 

 

 

 

Table 4: Model comparison for capture per unit effort (CPUE) (kg) in the northeast 

shore of Rio Grande do Norte. Deviance Information Criterion (DIC) scores measure 

goodness-of-fit and Log-Conditional Predictive Ordinates (LCPO) measure the 

predictive behavior of the model. In both cases, smaller scores represent better models. 

Parameters with asterisks (*) were statistically relevant. The smallest values of DIC, 

LCPO and the best model are in bold for the models were all parameter were 

statistically relevant. Parameters are the intercept (1), depth (De), slope (Sl), mean sea 

surface salinity (SSS), mean sea surface temperature (SST), rugosity (Ru) and the 

spatial effect (w). 

 

Model LCPO DIC 

1 + Sl + Ru + w*  1.33 91.02 

1 + Sl + w*  1.32 94.27 

1 + SSS + w* 1.32 95.54 

1 + SSS + Te* + w* 1.28 95.56 

1 + SSS + Ru + w* 1.34 95.85 

1 + Te* + w* 1.29 96.40 

1 + De + SSS + Te* + w* 1.30 96.88 

1 + SSS + Te + Ru + w* 1.29 97.20 

1 + Sl + SSS + w* 1.35 97.27 

1 + Te + Ru + w* 1.31 97.32 

1 + De + w* 1.31 97.36 

1  1.32 110.77 

1 + w* 2.07 243.53 
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CAPÍTULO 2 

 

 

MODELLING THE FUNCTIONAL DIVERSITY SPATIAL PATTERNS OF MARINE FISH FAUNA 

A ser submetido: Biological Conservation, (Qualis A1, FI:3.762 - 2014) 

 

 

RESUMO 

 

Recentemente, o foco em uma importante característica do funcionamento dos 

ecossistemas começou a mudar de riqueza de espécies para riqueza de funções ecológicas. 

Uma vez que determinadas funções são frequentemente executadas por mais de uma 

espécie, a perda de uma espécie não significa, necessariamente, a perda de uma função 

ecológica. Quando uma função e executada por várias espécies, esta função é considerada 

funcionalmente redundante, portanto, é mais resistente à perda de espécies. O oposto, 

quando uma função é executada por apenas uma espécie cria uma situação de 

vulnerabilidade funcional, ou seja, se essa espécie for perdida, sua função ecológica 

também será perdida comprometendo todo o funcionamento de seu ecossistema. 

Entretanto, os padrões de distribuição espacial destas funções não tem sido foco de muitos 

estudos, especialmente em relação a peixes marinhos. Os peixes são uma importante parte 

dos ecossistemas marinhos uma vez que frequentemente representam uma grande parte 

da biomassa nestes sistemas. O presente trabalho tem como objetivo avaliar o grau de 

redundância funcional, vulnerabilidade funcional e seus padrões espaciais para 

determinar áreas mais resilientes e o mais importante, áreas vulneráveis para as funções 

ecológicas executadas por peixes marinhos na plataforma continental do nordeste 

brasileiro. De 89 espécies coletadas foram formados 15 grupos funcionais baseados em 

seis características de história de vida de cada espécie. Utilizando modelos hierárquicos 

espaciais Bayesianos, foram criados mapas das distribuições de cada grupo funcional. OS 

resultados revelaram duas áreas críticas para os grupos funcionais mais vulneráveis. Além 

disso, uma das áreas é também um hotspot para várias outras funções aumento ainda mais 

sua importância ecológica. Os mapas explícitos gerados aqui e os métodos robustos e de 

relativamente fácil utilização combinados a dados ambientais de alta resolução obtidos 

por satélites podem colaborar com futuras ações de conservação e planejamento espacial 

marinho nesta área bem como serem utilizados em outros locais e aplicações.  
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MODELLING THE FUNCTIONAL DIVERSITY SPATIAL PATTERNS OF 

MARINE FISH FAUNA 

 

 

ABSTRACT 

 

Recently, the focus of on an essential feature of ecosystem functioning begin to shift from 

species richness to functional richness. Because functions can and usually are performed 

by more than one species, the loss of a species does not necessarily mean the loss of an 

ecological function. When a function is performed by several species, the function is said 

to be functional redundant, thus, being more resilient to species loss. The opposite 

scenario, when one species performs a function by itself, creates vulnerable situation, in 

this case, of functional vulnerability, if this species is lost, the function is also lost 

compromising the whole functioning of the system. However, the spatial distribution of 

such functions have been relatively neglected, especially for marine fish fauna. Fishes are 

a key part of marine ecosystems and more often than not they represent a large amount 

of marine ecosystems biomass. The present study aims to identify the functional 

redundancy, functional vulnerability and the spatial patterns of those indexes in order to 

pinpoint more resilient areas and more importantly, vulnerable areas for a marine fish 

fauna on an Atlantic continental shelf on the northeast of Brazil. From 89 collected 

species, a total of fifteen functional groups were formed based on six life-history traits 

for each species. Using spatial Bayesian hierarchical models, maps of distributions were 

created for each function. The results revealed two areas critical for the more vulnerable 

functional groups. Even more, one of the areas would support several hotspots of species 

for many other functions. The explicit maps and the relatively ease of use of such robust 

methods combined with free high resolution airborne environmental data may help future 

actions of conservation and marine planning in the area and can also be used to other 

areas and applications. 

 

INTRODUCTION 

Diversity is essential to ecosystem functioning (Hooper et al. 2005). Recently, the 

functional diversity has been regarded as important as the long-used taxonomic diversity 

or even more important in same cases (Cadotte 2011). However, very often, species lists 
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are used to infer biodiversity instead functions (Guillemot et al. 2011). This can be a 

serious problem as changes in functional diversity are likely to affect the stability, 

resistance and resilience of species assemblages more than changes in taxonomic 

composition (Mouillot et al. 2014). 

Defining if a function really is more important than species in the functioning of 

a system  depends deeply on the degree of functional redundancy, i.e. the number of 

taxonomically distinct species performing a similar function (Walker 1992). Due to the 

fact that functions with more higher redundancy are more likely to persist than its distinct 

species, the removal of a highly redundant function is expected to have more impact in 

the ecosystem than the removal of a single species   (Mouillot et al. 2014). Consequently, 

disturbances affecting the structure and quantity of functions would have far worse 

consequences than species composition (Mouillot et al. 2008). However, when functions 

have low redundancy, a species may indeed represent a function by itself, in such 

scenarios losing one species is the same as losing a function (Guillemot et al. 2011). 

Therefore, the functional redundancy, that grants an ecosystem its functioning and 

resilience, is a ratio between the number of species and functions (Micheli and Halpern 

2005). In other words, this poorly understood relationship between species and functional 

diversity is what ecosystems functioning hinges on (Naeem 2009; Guillemot et al. 2011). 

Another aspect of the functional redundancy and vulnerability of an ecosystem 

that has been vaguely studied are their spatial distributions. When large areas are 

accounted for, one may find high over redundancy and more functional groups (Mouillot 

et al. 2014), which in turn, can pass the idea that those groups are certainly not vulnerable. 

This may not be the case when the distribution of the species in the area is considered. 

For instance, a functional group might be over-redundant for a specific area, however, the 

species of this group may be scattered and restricted to different portions of that area. 
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Consequently, some portions or even the entire area might not have enough overlapping 

species of a same functional group in order to achieve functional redundancy. Indeed, 

such scenario could render as highly vulnerable an area that otherwise would be 

considered functionally resilient in a non-spatial analytical approach. Consequently, it is 

also important to understand how the functional groups are distributed in the space and, 

moreover, how the species richness of each group is distributed among themselves 

(Steinmann et al. 2009). 

Fishes play a very important role in functioning and resilience of marine 

ecosystems. Indeed, they account for most of the biomass in many marine systems 

(Aguilar-Medrano and Calderon-Aguilera 2016). Furthermore, fishes are the most diverse 

group within the vertebrates and support a wide range of ecological functions, and 

additionally, marine fish are well documented both taxonomically and functionally, thus,  

working as excellent models for diversity studies (Stuart-Smith et al. 2013). Lately, few 

studies have been conducted in marine fish communities, several of them arriving to the 

same conclusion that would be irresponsible to assume highly functionally redundant 

systems to be buffered against losses in species diversity (Guillemot et al. 2011; Mouillot 

et al. 2014). Specifically, highly diverse and functionally redundant systems usually have 

a great proportion of its functions represented by only one or few species and very often 

those are rare species (Mouillot et al. 2013, 2014). Furthermore, Mouillot et al. (2014) 

revealed that this patter occurs on different fish fauna around the globe, in particular in 

highly diverse tropical reef fish fauna. In addition, studies such as Micheli and Halpern 

(2005) found an increase in functional diversity in response to recovery in species 

diversity in marine reserves. Altogether, functional redundancy studies with marine fish 

can provide a different approach in fish conservation and fisheries management, focusing, 

for example, in preservation of key species or functions, or even better, on the 
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safeguarding of their essential habitats. 

Within this context the following functional indexes were explored, levels of 

functional redundancy, vulnerability and over-redundancy marine fish community. The 

present study took place in a marine region near the equator in the Brazilian south Atlantic 

shelf, rich in different kinds of habitats ranging from mud bottoms and algae prairies to 

rocky formations and reefs (Santos et al. 2007). This area has been focus of surveys to 

map its geological features (Vital et al. 2005; Santos et al. 2007), nonetheless, high 

resolution and accessible environmental data as well as spatial patterns of functional 

diversity are still rare. 

Data was collected during scientific fisheries surveys with gillnets and represent 

a unique database of the richness (89 species) and abundance of marine fish present 

through the studied area. Additionally, the Bayesian framework was applied using the 

integrated nested Laplace approximation (INLA) method to semi-continuous spatial 

models, in combination with remotely sensed estimates of environmental variables, to 

assess the spatial distribution of marine fish functional groups (Rue et al. 2009; Pennino 

et al. 2013; Quiroz et al. 2015). Moreover, semi-continuous models (also known as 

hurdle-continuous models) are an ideal solution when continuous data (i.e. fish weight or 

number of species standardized by units of effort), have a large amount of expected zeroes 

due to natural absences in unsuitable habitats (Quiroz et al. 2015). 

Spatial maps generated with this approach could provide essential tools for the 

implementation of a marine spatial planning, identifying areas of high functional 

redundancy and more importantly, key areas for vulnerable functions. To the knowledge 

of the authors, at the time this work was written, besides some studies with plants 

(Steinmann et al. 2009), and different approaches including fish functional groups 

(Metcalfe et al. 2015), there were no other works associating functional redundancy and 
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functional groups analyses to spatially explicit models with marine fishes. Even more 

than filling this gap, the metrics of ecological function presented here may complement 

metrics of species diversity for conservation and management ends, especially for explicit 

identification of priority areas for protection (Stuart-Smith et al. 2013). 

 

MATERIAL AND METHODS 

Study area 

Located in the south Atlantic Ocean, the northern coastal shelf of Rio Grande do 

Norte lies between 36° 58' 12" - 35° 22' 48" W and 5° 9' 25.2" - 4° 48' 46.8" S (Figure 1).  

The area extension is of 244 km between the municipalities of Tibau and Touros. 

The continental shelf reaches up to 50 km from the coast with maximum depth of 60 m 

(Vital et al. 2005). This region has a tropical, dry or semi-arid climate, with a dry season 

that occurs from May to December, while the rainy season from January until April (Vital 

et al. 2005). Mean rainfall ranges from 601 to 854 mm, but can get up to 2.238 mm 

annually (Nimer 1989; Vital et al. 2005; Tabosa 2006). Economic activities that influence 

the marine and related environments in the area are oil exploration, both marine and 

terrestrial, salt industry and shrimp farming (Vital et al. 2005). 

Data sampling 

 Data on fisheries was collected between March 2013 and June 2014 throughout 

experimental fishing surveys. Sampling stations were placed randomly and geographical 

information was recorded by GPS Garmin® e-Trex.  The 42 samples were collected with 

gill-nets in depths from 4.6 up to 36 m. The nets were made of nylon monofilament with 

40 to 60 mm between knots mesh, length of 509 to 3644 m and 2 m height.  

 In order to attenuate the variability existent between different sampling stations, 

the community species richness was calculated as species per unit effort using the total 

number of fish species in a haul, standardized per haul duration (in h) and area of the net 



  

50 
 

(in m2) (Eloranta et al. 2016). The most abundant and representative species within each 

functional group were calculated using the weight (in g) of each species instead of the 

number of individuals, to  reduce the effect of large schools of small individuals (Wilhm 

1968). Finally, the status of conservation of each species was checked on the IUCN red 

list and the national conservation status list (Froese and Pauly 2015; IUCN 2015). 

 

Environmental variables 

 Bathymetry, distance to the shore, slope, sea surface temperature, sea surface 

salinity, and rugosity of the sea bottom were used as possible predictors of the functional 

groups distribution. All these variables were extracted as averaged monthly means from 

the MARSPEC database (Sbrocco and Barber 2013) with a spatial resolution of 1 km, 

except for rugosity. Particularly, rugosity was derived from the depth map using the 

“Terrain Ruggedness (VRM)” of the “Benthic Terrain Modeller” tool in ArcGIS 10.2.2 

(see Fonseca et al., submitted, for more details).   

 All the variables were then aggregated with a spatial resolution of 1 km, and 

checked for outliers, missing data, correlation and collinearity assumptions following the 

approach of Zuur et al. (2010). Finally, the explanatory variables were standardized 

(difference from the mean divided by the corresponding standard deviation) in order to 

facilitate visualization and interpretation. 

 

Data analysis 

Identifying functional groups 

 Six life-history functional traits were collected on the literature and used to 

calculate a distance matrix between each pair of species in order to group them together 

as functional entities, or groups (Mouillot et al. 2013, 2014). Specifically, the traits used 

were the species size, the diet, the home range, the activity, the schooling and the level 
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position in the water column (Table 1).  

  

The information about these traits were extracted from Fishbase (Froese and Pauly 2015) 

and biography on local fish diversity (Garcia Jr et al. 2010). 

 Cluster analysis was then used to group species in functional entities (Fes; 

hereafter functional groups) (Mouillot et al. 2013). The functional traits were used to 

estimate a Gower’s distance matrix among all species pairs (Gower and Legendre 1986; 

Legendre and Legendre 2012). The chosen clustering algorithm was the Ward’s method. 

Ward’s method uses an analysis of variance to evaluate the distances between clusters, 

attempting to minimize the total within-cluster variance. This makes it especially useful 

to find compact clusters, which is essential for the identification of assemblages showing 

a significant degree of association (Shimodaira 2002). In addition, it is possible to assess 

each cluster uncertainty by obtaining their approximate unbiased p-values (AU p-values) 

(Shimodaira 2004). The cluster analysis was carried out using “pvclust” package (Suzuki 

and Shimodaira 2006) in R software (R Core Team 2015). 

Incluir aqui o parágrafo acerca da definição do status de conservação das espécies com 

base na portaria nacional 445 do ICMBio (dez 2014). 

 Functional Indexes 

 Three different functional indexes were used: the functional redundancy, 

vulnerability and over-redundancy. Particularly, the functional redundancy is the mean 

number of species per functional entity, while the functional vulnerability is the 

percentage of functional entities having only one species. Finally, the functional over-

redundancy represents the percentage of species in functional entities having more 

species than expected from functional redundancy (Mouillot et al. 2014). 
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Statistical models 

Geostatistical models are highly suitable for situations where observations are made 

within a defined continuous spatial domain (Noel A. C. Cressie and Cressie 2015). The 

final aim of these models is to predict quantities of interest at un-sampled locations based 

on information gathered at sampled locations. However, accuracy is not always easy to 

achieve because there is often a large amount of variability surrounding the measurement 

of variables, and traditional prediction methods do not account for an attribute with more 

than one level of uncertainty. This variability leads to uncertain predictions, and 

consequently to uninformed decision making. This can be avoided by the use of Bayesian 

framework. Geostatistical models can be seen as Bayesian hierarchical models (Banerjee 

et al. 2014), in which it is conceptually easy to incorporate parameter uncertainty into the 

prediction process while including covariates, temporal effects and different likelihoods. 

 To model the spatial distribution of the species grouped as functional groups and 

generate spatially explicit maps, a hierarchical Bayesian point-reference spatial model 

(geostatistical model) framework was used. Due to the continuous nature of the 

standardized species per unit of effort data and the high frequency of zeros, semi-

continuous models, or hurdle continuous models were employed. These type of models 

are built as a jointly model of occurrence (Zi) and abundance (Yi) of species per functional 

group. Continuous values such as species richness and abundance indexes are usually 

modeled with lognormal or gamma distributions (Lande et al. 2003; Maunder and Punt 

2004), but in our case the lognormal performed better fits for all models. Two likelihoods 

were used, the Bernoulli likelihood for Zi and the Gamma or the Lognormal likelihood 

for Yi.  

Zi ~ Bernoulli(pi)      and      Yi ~ Lognormal(Ui , σ
2

i) 

The linear predictor to the first component was defined by 
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Logit(pi) = αz + Xiβ + Wi  

where α is an intercept, β represents the vector of regression coefficients, Xi is the vector 

of the explanatory covariates at the location i, and Wi represents the spatially structured 

random effect at the location modeled by a Gaussian field through the SPDE approach 

(Lindgren et al. 2011). 

  The second component was considered E(Yi) = µi = Ui / σ
2

i, and V(Yi) = Ui / (σ
2

i)
2 

= µi
2/ φ, where φ is a precision parameter and is the linear predictor is defined to log(µi). 

Therefore, 

log(µi) = αy + Xiβyxi  

where αy is an intercept, Xi is the vector of the explanatory covariates at the location i and 

βy is a scaling parameter to xi that is a shared random effect with the first component of 

the model. 

 A vague zero-mean Gaussian prior distribution with a variance of 100 was used 

for all of the parameters involved in the fixed effects of all the models. For the spatial 

effect a zero-mean prior Gaussian distribution with a Matérn covariance structure was 

assumed (see Muñoz et al. (2013) for more detailed information about how to express the 

prior knowledge on spatial effects).  

 All possible interaction and combinations among variables were tested in all the 

models using both forward and backward approaches. The Deviance Information 

Criterion (DIC) (Spiegelhalter et al. 2002) and on the log-condicional predictive ordinate 

(LCPO) measure (Roos and Held 2011) were used as criteria of goodness-of-fit and 

predictive quality, respectively. DIC and LCPO are inversely related to the compromise 
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between fit, parsimony, and predictive quality. 

 Estimation and prediction were performed using the Integrated Nested Laplace 

Approximation (INLA) methodology (Rue et al. 2009; Lindgren and Rue 2015) and the 

package (www.r-inla.org) implemented in R software. 

 

RESULTS 

Cluster analysis 

 The cluster analysis revealed a total of 15 significant functional groups (Table 2 

and SI). The cluster with the highest number of species was that of group 13, with a total 

of twenty-four species (Figure 2 and Table 2).   

 Over the 42 samples, a total of 2817 fishes of 89 species were collected with 

species richness and abundance averaging 11 ± 5 species and 28.80 ± 32.91 kilograms 

per survey site, respectively (± standard deviation). The most common species were 

Lutjanus synagris (group 12) occurring at more than 73% of the surveyed sites; Bagre 

marinus (group 13) and Caranx crysos each at 54% of the sites; Haemulon parra and 

Haemulon plumieri (group 12) at 50% and 45% of the surveyed sites, respectively. 

Haemulon plumieri and Caranx crysos (group 12), were the most abundant species 

corresponding to 15% and 10% of the total sampled weight, respectively, followed by 

Lutjanus synagris with 9% of the total weight, Bagre marinus and Scomberomorus 

brasiliensis each corresponding to 8% of the total weight. 

Nine out of the 89 species (10.11%) had some level of conservation concern. 

Specifically, Albula vulpes, belonging to the functional group 8, Lutjanus synagris and 

Ocyurus chrysurus of the group 12, and Bagre bagre and Lutjanus jocu of the group 13, 

which have a near threatened status. The functional group 2 was composed by two 

vulnerable species, namely the Sparisoma axillare and S. frondosum. Finally, the Balistes 
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capriscus and Lutjanus analis, belonging respectively to the functional groups 5 and 13, 

have also the vulnerable status. 

The species maximum size ranged from 14 cm to 430 cm with mean of 76.17 cm. 

For the number of species per life-history trait see Table 3. 

 

Functional indexes 

 Five functional groups had only two species granting relatively high functional 

vulnerability to those entities (Figure 2). The functional redundancy, i.e. the mean number 

of species per functional entity of the studied fauna was 5.93 with functional over-

redundancy of 39.64%. and functional vulnerability of 13.33%. Moreover, eleven out of 

fifteen of the groups (73.33%) are under the threshold of functional redundancy, with 

seven (46.67%) composed of one or two species. Despite the apparently high level of 

over-redundancy, only four groups presented it (groups 5, 9, 12, and 13) and two of them 

marginally as group 5 had seven species and group 9 six species (Figure 2).  

 

Spatial patterns of the functional groups 

 Overall, the majority of the functional groups showed higher values in their 

distributions in the Eastern side of the studied area, after the continental platform (Figure 

3). The spatial pattern of functional over redundancy overlapped for groups 12 and 13 

(Figure 3l, 3m), however, there were no areas with enough species to reach the functional 

redundancy of the community (5.93 species) for any other functional group. Furthermore, 

the canyon area was overlapped by nearly every group as having the lowest or none 

species in it (Figure 3). The only group with relatively high presence on the canyon was 

group 9, which have some shoaling invertivores (Figure 3i). Functional groups 1 and 2, 

mainly represented by herbivores, were more present over the algae prairies to the 

northeast of the study area, showing similar distributions (Figure 3a and 3b). The wide 
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spatial pattern of functional group 6 (Figure 3f), mainly represented by predators, 

overlaps functional groups 3 and 4, both composed solely by invertivores (Figure 3c and 

3d). However, while group 3 is composed by smaller, solitary, demersal species, group 4 

is composed of larger pairing benthic species (Figure 3c and 3d). The unique spatial 

pattern of group 5 seems to be related to the estuarine areas as well as shallower water 

reefs all the way from the coast, through the oil field up to the reef complexes near the 

shelf slope (Figure 3). Functional group 7 (Figura 3g), composed of nocturnal bottom 

predators such as Ginglymostoma cirratum and Gymnothorax vicinus, both data deficient 

on the IUCN red list, presented a remarkable spatial pattern, concise with reef formations 

on the study area (Figure 1). Functional group 8, composed by wide range pelagic fish 

species, appears to have a marked longitudinal gradient with higher values in the Eastern 

side of the studied area with respect to the western one (Figure 3). Functional groups 10, 

11, 12 and 13 (Figure 3j, 3k, 3l and 3m) all presents similar spatial pattern, with group 10 

higher values slightly restricted to the northern reef formations (Figure 1). Group 10 is 

composed mainly by benthic, solitary, diurnal, carnivore species. This marked hot-spots 

of the functional group 10 correspond also with an oil field (Figure 1).  

 Seven out of 13 functional groups (namely the 1, 7, 8, 10, 11, 12, 13) had high 

values of species richness inside the Coral Reef Protected Area (APARC) boundaries and 

its vicinities. 

 Final models (based on the lowest DIC Deviance Information Criterion and LCPO 

cross-validated logarithmic score) did not include any of the environmental variables as 

relevant factors for none of the functional groups. Indeed, models containing 

environmental variables had higher DIC and LCPO values compared to models without 

environmental variables. The final selected models for all the functional groups included 

the spatial random effect as the only relevant factor that explain the variability of the 
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functional groups distribution (See supplementary materials). 

 

DISCUSSION 

Functional indexes 

The results corroborated the hypothesis that the apparent insurance provided by the 

relatively high functional redundancy (i.e. almost 40% of the species are functionally 

over-redundant), hides a large proportion of functional groups vulnerable to species 

extinction. More precisely, the functional vulnerability (13.33%) combined to the fact that 

nearly half the functional groups (46.68%) contain only one or two species, confirms the 

expected overall vulnerability of this system. 

In addition, both species in group 2, one of the two herbivore groups, are considered 

vulnerable, making this group particularly critical for conservation. Based on that, the 

hotspot highlighted on Figure 3b can be considered essential for protection. This area is 

a rich algae prairie, explaining the presence of herbivores, there are also some scattered 

reefs known to be targeted by the local fishing vessels. More importantly, the same area 

has hotspots for the most vulnerable functional groups (Figure 3a, 3c and 3d).  

This results were consistent with other studies that average the functional over-

redundancy of marine fish fauna around the world at 37% to 58% (Mouillot et al. 2014). 

Conversely, whereas those fish faunas had 38.5% - 54.2% functional vulnerability, the 

fauna studied here has far less functional vulnerability (13.33%). This difference is 

probably because those studies were conducted with tropical reef fish fauna with far more 

species (Mouillot et al. 2013, 2014). Functional diversity is a function of species diversity 

and in tropical faunas the number of vulnerable functions increase with functional 

diversity (Halpern and Floeter 2008; Guillemot et al. 2011; Stuart-Smith et al. 2013). 

Species are disproportionately packed into few functional groups instead of 
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distributed equally between them, therefore, we cannot assume that the loss of species 

diversity can be discounted by the high probability of functional redundancy. This is the 

case specially in very diverse ecosystems (Mouillot et al. 2014) and is evident here, only 

13% of the species represent the seven out of fifteen most vulnerable functional groups 

(groups on or two species). In fact, the most speciose group (group 13) illustrate the 

dangers of interpreting functional redundancy only in terms of species richness. Even 

group 13 is the richest in species, it’s biomass is less than half of group 12, the second 

largest group (in number of species), and have similar biomass of much less speciose 

groups (e.g. group 5 and 7, see table 2). Moreover, some groups had extremely low 

biomass, yet, this may not compromise the function those groups perform. Although, 

having low biomass makes them even more vulnerable to local extinction due to 

environmental disturbances. Additionally, some groups (1, 2, 6, 8, 14 and 15) are probably 

the most vulnerable in terms of abundance, those are the groups with smaller amounts of 

captured biomass. Those groups were well represented on the northeast portion of the 

map, giving it even higher rate and confirming its priority for preservation. 

 When looking for particularly vulnerable trait categories, it appears that only few 

are over or underrepresented into specific functional groups. However, functional groups 

with only herbivore fish, were among the most vulnerable to species loss, with two 

species per group. Similarly, benthic and sessile species were mostly grouped into groups 

with very few species. In summary, herbivore, benthic and sessile are the most vulnerable 

traits for this fauna, and thus, this should be considered for managing targeted species for 

fisheries. 

 Indeed, translating the potential loss of functional groups into a macro ecological 

scale is not straight forward. In fact, species–trait combinations do not map easily into 

ecological functions. For instance, many interactions between species are ignored, the 
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same is valid for possible changes in trait values caused by ontogenic events or even the 

loss of a competitor species (Reecht et al. 2013). Additionally, the lost functions can be 

recovered, at a long time scale, by macro evolutionary processes such as niche filling 

(Lavergne et al. 2010), consequently, reducing the potential impacts of functional 

vulnerability on ecosystem functioning on the long run. 

 

Spatial patterns of the functional groups 

 Over-redundant groups, 5, 9, 12 and 13, covered most of the studied area. Yet, 

only the two largest groups (12 and 13) overlapped considerably (Figure 3l and 3m). 

Group 9 was the only one with significant presence over the canyon, specifically near to 

the shore and in the area under influence of estuaries. The most important trend in 

distribution of the present fauna is probably the distribution of the most vulnerable 

groups, namely, 1, 2, 3, 4, 6, 14 and 15. Those groups overlap on the north and northeast 

limits of the continental shelf. This region not only gathers almost all the most vulnerable 

groups, but it is also one of the richest in species (Figure 3) and different habitats (Vital 

et al. 2005). Consequently, by protecting the northeastern of the area, one maximize both, 

protection of vulnerable functions, and total number of ecological functions protected, as 

most of this fauna’s functions are present in this vicinity (Figure 3). However, special 

attention should be focused on groups 5, 9 and 15 (Figure 3e, 3i and 3o), as their 

distribution diverge substantially from the pattern mentioned above. Groups 5 and 9 could 

greatly benefit from the protection of the estuaries and its surroundings. In conclusion, in 

order to safeguard the functioning of this ecosystem, the ideal scenario would contemplate 

two protected areas; First, the area between the “Urcas”, reefs near the continental shelf 

slope, and the algae prairies on the extreme northeast of the studied area; Second, the 

estuaries and its vicinities, preferably including at least part of the canyon. 

 According to the ecological criteria for Marine and Coastal Protected Areas: A 
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Guide for Planners and Managers (Salm et al. 2000), the areas delimited above would 

score high in at least three topics (Salm et al. 2000). Namely, “dependency, the degree to 

which the ecosystem depends on ecological processes occurring in the area” (Salm et al. 

2000). The composition and diversity of functional traits, is the main driver of ecological 

processes (Mouillot et al. 2011), thus, functional groups are vital for the ecosystem 

functioning. “Integrity, the ecosystem depends on the functions to maintain its integrity” 

(Salm et al. 2000). Those areas maintain most of the ecological functions for the studied 

fauna.  And finally, “vulnerability” (Salm et al. 2000), areas of functional vulnerability 

that are also vulnerable to human or natural degradation, in this case represented by 

fishing pressure and the risks associated to the oil field.  

Unfortunately, the two most vulnerable groups (14 and 15), had only one 

occurrence on the sampling each, for this reason they were not modeled and it was not 

possible to access their spatial patterns on the area.  

 Six groups had relatively high number of species inside the MPA-APARC limits, 

(1, 7, 8, 10, 12, 13). Additionally, two outros groups (12 and 13) were over-redundant 

within this area which in turn can greatly contribute to its resilience. Meaning that, even 

though the sampling effort was not very dense inside the protected area, it was enough to 

detect its effectiveness. 

The precision of the models was relatively poor for most of the groups. Aside of 

the models for some groups, specifically those with higher occurrence and wide spread 

in the study area (groups 5, 7, 11, 12 and 13) all of them yield high amount of uncertainty 

with high deviation for at least one of the parameters (Table S2). This can be a 

consequence of the sampling method and/or reflect the ecology of some species. That is, 

some species may have a very specific or small range of occupancy, which in turn, causes 

a large amount of zeroes in the data increasing uncertainty. Even though this issue was 
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addressed by the use of a semi-continuous framework, which might be better than a 

simple interpolation or kriging, in the future, more data may help to improve models 

precision, hence, refining fit and generating better predictions. 

Finally, it is important to stress that the models presented here works as 

exploratory tool for a first attempt to understand the functional diversity spatial patterns 

and see how it relates to the functional indexes. Specifically, to identify hotspots of 

functional diversity and more importantly, hotspots of vulnerable functions. The results 

and the tools presented in this study can be of great help in the assessment and 

implementation for preservation and management of marine resources e biodiversity. 

However, to really grasp a deeper knowledge of the distribution and more important, the 

relationship between functional groups and environmental factors, more data on the fish 

community is necessary. Likewise, more refined and diverse environmental data and 

future experiments on the dynamics of function loss across ecosystems are necessary to 

further improve the understanding the ecological functions mechanisms and their spatial 

patterns. 
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Figure 1: Map of the study area with sampling locations, northeast of Brazil, South 
Atlantic. 

 

 

 

Figure 2: Functional over-redundancy and functional vulnerability of the studied fish 
fauna on the north shore of Rio Grande do Norte, Brazil. Functional redundancy (the 
mean number of species per functional entity) is illustrated by the horizontal black line 
and the value is provided in black. Functional vulnerability (percentage of functional 
entities having only one species) is illustrated by the horizontal red line. Functional 
over-redundancy is colored in blue (percentage of species in excess in functional 
entities).   
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Figure 3: Bayesian estimates of abundance of the responses for number of species per 
functional group. Group 14 and 15 are represented by only a point as both had only 
one occurrence through all the samples. Full scale version on the maps with real values 
of species per unit of effort available on supplementary materials. For groups 12 (l) and 
13 (m), areas ranging from white to red spectrum had more species per unit of effort 
than the 5.93 functional redundancy threshold of the fauna e.g. over-redundant. 

  



  

67 
 

Table 1: Summary of the six traits used to identity the functional groups (Mouillot et al. 
2013, 2014). Species size is the maximum length of the species in the literature (Froese 
and Pauly 2015). Diet based on the main source of food for each species. Home range 
is the size of the area used by the species. Activity, the part of the day the species is 
more active. Schooling, grouping behavior of each species. Level in the water column, 
the height in the water column the species spend most of its time. 

Traits Number of Categories Type of Categories 

Species size 1 category Maximum size 

Diet 5 categories C: carnivores 

H: herbivorous  

I: invertivores  

O: omnivorous  

P: piscivores 

Home range 3 categories S: sedentary1 

M: mobile species2 

W: wide ranging species3 

Activity 3 categories D: active only during the day 

N: active only during the night 

B: active all the time  

Schooling 4 categories  a: solitary species 

b: paired species 

c: small groups (less than 20 individuals) 

d: medium/large groups (more than 20 individuals) 

Level in the water 

column 

3 categories B: right on the bottom 

L: above the bottom 

H: high above the bottom 

 

1Sedentary species  tend to stay within a very restricted range from less than 1 m² up to a few 100’s m² 

2 Mobile species stay long periods (from several days to several months) within a restricted but rather large (from 100 m² up to several hectares) range.  

3 Wide ranging species that circulate over large to very large extent of reefs and may change from one reef to another within the same day or over a 

short period of time  
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Table 2: Composition of the functional groups revealed by cluster analysis. Groups 14 
and 15, formed by only one species and occurred in only one sample site each 
therefore, they were not considered for spatial modeling. 

Functional group Nº of species Weight captured (Kg) 

Group 1 2 2.62 

Group 2 2 2.19 

Group 3 2 34.88 

Group 4 2 24.69 

Group 5 7 181.05 

Group 6 2 6.82 

Group 7 4 168.23 

Group 8 4 1.80 

Group 9 6 50.41 

Group 10 5 19.71 

Group 11 5 107.25 

Group 12 22 416.90 

Group 13 24 193.20 

Group 14 1 0.08 

Group 15 1 0.33 

 

Table 3: Number of species per life-history trait. 

Traits Type of Categories Nº of species 

Diet C: carnivores 

H: herbivorous  

I: invertivores  

O: omnivorous  

P: piscivores 

43 

4 

29 

5 

8 

Home range S: sedentary 

M: mobile species 

W: wide ranging species 

6 

44 

39 

Activity D: active only during the day 

N: active only during the night 

B: active all the time  

45 

30 

14 

Schooling a: solitary species 

b: paired species 

c: small groups 

d: medium/large groups 

39 

3 

23 

24 

Level in the water 

column 

B: right on the bottom 

L: above the bottom 

H: high above the bottom 

11 

46 

32 
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Supplementary material

 

Figure S1 - Cluster dendrogram with BP (Bootstrap Probability, RED) and approximate unbiased p-

values (AU p-values, GREEN). 
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Figure S2 - Mean responses for number of species per functional group. Group 14 and 

15 are represented by only a point as both had only one occurrence through all the 

samples. 

 

Table S1: Summary of the total catch per group (in g) and species belonging to each 

functional group, with their vulnerability status and life-traits. 

 
FG Species  Status 

(IUCN) 

Size Diet Range Activity Schooling Level Weight (g) 

1 Acanthurus bahianus LC 38.1 H M D C l 2615 

Acanthurus chirurgus LC 39.0 H M D C l  

2 Sparisoma axillare VU 37.0 H M D A h 2188 

Sparisoma frondosum VU 34.5 H M D A h  

3 Aluterus Monoceros LC 76.2 I M D B l 34878 

Holcanthus ciliaris LC 45.9 I M D B l  

4 Paralichtys brasiliensis DD 100.0 I M D A b 24693 

Syacium micrurum LC 40.0 I M D A b  

5 Aspistor luniscutis DD 120.0 I M D A l 181046 
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Balistes capriscus VU 60.0 I M D A l  

Calamus calamus LC 56.0 I M D A l  

Calamus penna LC 46.0 I M D A l  

Calamus pennatula LC 37.0 I M D A l  

Cantherhines pullus LC 20.0 I M D A l  

Lactophrys trigonus LC 55.0 I M D A l  

6 Carangoides bartholomaei LC 100.0 P W D A h 6824 

Fistularia tabacaria LC 200.0 O W D A h  

7 Achirus lineatus LC 23.0 O S N A b 168228 

Ginglymostoma cirratum DD 430.0 O M N A b  

Gymnothorax vicinus DD 122.0 C S N A b  

Thalassophryne nattereri LC 14.0 P S N A b  

8 Albula vulpes NT 104.0 I W D C h 1801 

Cynoscion virescens LC 115.0 P W D C h  

Trichiurus lepturus LC 234.0 C W D C h  

Ulaema lefroyi LC 23.0 P W D C h  

9 Chaetodipterus faber LC 91.0 I W D D h 50408 

Euthynnus alletteratus LC 122.0 O W N D h  

Haemulon aurolineatum LC 25.0 I W B D h  

Haemulon steindachneri LC 30.0 I W N D h  

Polydactilus virginicus LC 33.0 I W N C h  

Selar crumenophthalmus LC 70.0 I W N D h  

10 Scorpaena plumieri LC 45.0 C S D A b 19709 

Syacium papillosum LC 30.0 C M D A b  

Synodus foetens LC 48.3 C M D A b  

Synodus intermedius LC 46.0 C M D A b  

Synodos myops LC 40.0 C S D A b  

11 Anisotremus virginicus LC 40.6 I M N C l 107249 

Archosargus rhomboidalis LC 33.0 I M N A l  

Chilomycterus spinosus  LC 25.0 I M N A l  

Diapterus auratus LC 34.0 I M N C l  

Holocentrus adscensionis LC 61.0 I M N A l  

12 Auxis thazard  LC 65.0 C W B D h 416896 

Caranx crysos LC 70.0 C W D D h  

Caranx hippos LC 124.0 C W D D h  

Caranx latus LC 101.0 C W D D h  

Chloroscombrus chrysurus LC 65.0 C M D D h  

Cynoscion jamaicensis LC 50.0 C W D D h  

Echeneis naucrates LC 110.0 C W B A h  

Echeneis naucratoides DD 75.0 C W B A h  

Elops saurus LC 100.0 C W D D h  

Haemulon parra LC 41.2 C W N D h  

Haemulon plumieri DD 53.0 C M B D h  

Lutjanus synagris NT 60.0 P M N D h  

Lycengraulis batesii DD 30.0 C W D A h  

Ocyurus chrysurus NT 86.0 C W N D h  

Oligoplites palometa LC 49.7 C W D D h  

Opisthonema oglinum LC 38.0 C W N D h  

Orthopristis ruber LC 40.0 C W B D h  

Rachycentron canadum LC 200.0 C W B A h  

Rhizoprionodon porosus LC 110.0 C W N A h  

Scomberomorus brasiliensis LC  125.0 C W D D h  

Scomberomorus cavalla LC 184.0 C W B D h  

Scomberomorus regalis LC 183.0 C W B C h  

13 Acanthostracion quadricornis LC 55.0 O M D A l 193195 

Bagre bagre NT 55.0 C M N C l  

Bagre marinus LC 69.0 C M N C l  

Cathorops spixii LC 30.0 C M N A l  

Centropomus parallelus LC 72.0 P M B A l  

Conodon nobilis LC 33.6 C M N D l  

Cynoscion leiarchus LC 90.8 P W D C l  

Cynoscion microlepidotus LC 92.0 P W D C l  

Dactylopterus volitans LC 50.0 C M D B l  

Decapterus punctatus LC 30.0 I M B D l  

Epinephelus adscensionis LC 60.0 C M B A l  

Genytremus luteus LC 37.0 I W N C l  

Genidens machadoi DD 80.0 P W N C l  
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Heteropriacanthus cruentatus LC 50.7 C M N A l  

Larimus breviceps LC 31.0 I W B C l  

Lutjanus analis VU 94.0 C M B C l  

Lutjanus jocu NT 128.0 C M N A l  

Micropogonias furnieri LC 60.0 C M N C l  

Notarius grandicassis LC 63.0 I W N C l  

Priacanthus arenatus LC 50.0 C M N C l  

Prionotus punctatus LC 40.0 C M D A l  

Sciades proops DD 100.0 C W N A l  

Selene vomer LC 48.3 C M D D l  

Selene brownii LC 29.0 C M D D l  

14 Chaetodon striatus LC 16.0 I M D C l 80 

15 Eugerres brasilianus LC 50.0 I W D A l 326 

  

Table S2 - Numerical summary of the posterior distribution of the relevant variables for 

the best model of the 13 functional groups studied. This summary contains mean, the 

standard deviation and the 95% credible interval, which is a central interval containing 

95% of the probability under the posterior distribution for the intercepts of the model (zi  

for occurrence and yi for amount of the semicontinuous models) and the 

hyperparameters φ (), τs() and rs(). 

 

Functional group 1 

 

 Mean SD 95% CI 

Intercept zi -1.35 2.43 (-7.02, 4.18) 

Intercept yi 4.11 1.97 (-0.39, 8.64) 

φ 19.84 9.98 (6.50, 44.66) 

τs -1.96 0.99 (-4.12, -0.25) 

rs 1.32 0.87 (-0.21, 3.22) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 44.56 -  7.55 0.53 
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Functional group 2 

 

 Mean SD 95% CI 

Intercept zi -2.10 4.36 (-12.42, 8.03) 

Intercept yi 3.40 4.02 (-6.23, 12.97) 

φ 12.25 7.82 (2.68, 32.04) 

τs -2.19 1.13 (-4.66, -0.27) 

rs 1.42 1.13 (-0.50, 3.89) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 34.13 - 9.56 0.50 

 

 

Functional group 3 

 

 Mean SD 95% CI 

Intercept zi -1.20 7.34 (-18.60, 16.42) 

Intercept yi 0.33 4.37 (-9.82, 10.60) 

φ 26.61 21.60 (4.83, 83.57) 

τs -2.68 0.73 (-4.08, -1.20) 

rs 1.05 0.66 (0.26, 2.34) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 48.13 - 7.39 0.59 

 

 

Functional group 4 

 

 Mean SD 95% CI 

Intercept zi -0.95 1.00 (-3.20, 1.34) 

Intercept yi 1.41 1.05 (-0.75, 3.91) 

φ 10.91 6.38 (2.86, 27.04) 

τs -3.98 1.94 (-8.40, -1.00) 

rs 2.75 1.49 (0.36, 6.09) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 53.88 - 17.95 0.71 
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Functional group 5 

 

 Mean SD 95% CI 

Intercept zi 1.17 1.13 (1.12, 3.77) 

Intercept yi 3.97 0.46 (2.96, 4.88) 

φ 2.42 0.78 (1.20, 4.25) 

τs - 2.36 0.89 (-4.09, - 0.59) 

rs 1.97 0.77 (0.38, 3.42) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 46.08 - 74.50 0.83 

 

 

Functional group 6 

 

 Mean SD 95% CI 

Intercept zi -13.90 20.88 (-68.57, 24.23) 

Intercept yi 3.17 3.72 (-7.55, 8.58) 

Φ 12.49 7.38 (3.48, 31.37) 

τs -5.16 0.62 (-6.42, -3.97) 

rs 1.25 0.54 (0.16, 2.32) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 50.33  - 12.55 5.41 

 

 

Functional group 7 

 

 Mean SD 95% CI 

Intercept zi 0.62 0.84 (-01.32, 2.59) 

Intercept yi 3.05 0.71 (1.37, 4.74) 

φ 13.26 4.30 (6.64, 23.32) 

τs -0.99 1.28 (-3.48, -1.54) 

rs 1.30 1.03 (0.75, 3.29) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 56.15 - 18.88 1.12 
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Functional group 8 

 

 Mean SD 95% CI 

Intercept zi -2.01 5.44 (-15.10, -10.81) 

Intercept yi 2.68 5.91 (-11.08, 16.20) 

φ 18485.54 18160 (1257.01, 66290) 

τs -0.56 0.29 (-1.02, 0.10) 

rs -0.28 0.5528 (-1.58, 0.55) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 38.92  -34.76 0.15 

 

 

Functional group 9 

 

 Mean SD 95% CI 

Intercept zi -2.29 6.31 (-18.06, 12.17) 

Intercept yi 0.78 5.83 (-13.20, 13.44) 

φ 18770.20 1.842e+04 (1279.20, 67219.20) 

τs -3.41 3.768e-01 (-4.14, -2.66) 

rs 1.23 6.231e-01 (0.02, 2.41) 

    

 Likelihood DICy LCPO 

 Lognormal -68.91 -0.10 

 

 

Functional group 10 

 

 Mean SD 95% CI 

Intercept zi -0.27 0.49 (-1.27, 0.69) 

Intercept yi 3.51 0.42 (2.62, 4.38) 

φ 43.97 40.17 (6.19, 149.99) 

τs -2.78 0.65 (-4.05, -1.46) 

rs 2.12 0.57 (0.98, 3.24) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 60.90 - 2.15 0.73 
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Functional group 11 

 

 Mean SD 95% CI 

Intercept zi 0.04 1.30 (-2.96, 3.02) 

Intercept yi 3.25 1.40 (-0.06, 6.58) 

φ 9.21 3.45 (4.16, 17.53) 

τs -1.50 0.76 (-2.94, 0.05) 

rs 1.20 0.72 (0.28, 2.55) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 62.74 - 27.54 0.76 

 

 

Functional group 12 

 

 Mean SD 95% CI 

Intercept zi 2.71 0.69 (1.48, 4.20) 

Intercept yi 7.19 0.29 (6.61, 7.83) 

φ 8.88 3.25 (4.07, 16.69) 

τs -3.57 0.62 (-4.85, -2.38) 

rs 2.77 0.64 (1.55, 4.09) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 22.38 -  50.66 64.31 

 

 

Functional group 13 

 

 Mean SD 95% CI 

Intercept zi 2.36 1.42 (-0.69, 5.44) 

Intercept yi 7.70 1.24 (4.75, 10.61) 

φ 3.04 0.83 (1.69, 4.94) 

τs -1.94 0.74 (-3.25, -0.35) 

rs 1.26 0.69 (-0.21, 2.47) 

    

 Likelihood DICz - DICy LCPO 

 Lognormal 27.20 - 80.72 0.68 
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CONCLUSÃO GERAL 

A identificação de áreas críticas para conservação e manejo da biodiversidade, é uma das 

principais formas de aplicação prática do conhecimento científico em ecologia, porém, é 

também uma das mais desafiadoras tarefas. Fatores como  logistica e custos operacionais 

são barreiras comuns e por muitas vezes intransponíveis para a realização eficiente de 

trabalhos robustos. Isso é ainda mais evidente nos ecossistemas marinhos uma vez que 

todo o processo se torna mais difícil e despendioso em alto mar. Recentemente, com a 

facilitação de acessos a dados de satélite de alta resolução e novas motodologias 

estatísticas, essas barreiras vem se tornando cada vez mais fáceis de superar  

 Em termos de identificação de hot-spots de diversidade e vulnerabilidade 

funcional, o presente trabalho identificou dois padrões principais que maximizariam a 

preservação tanto de riqueza de espéices quanto da diversidade funcional, especialmente 

das funções mais vulneráveis. No primeiro padrão há grande sobreposição entre os mapas 

gerados pelas duas metodologias (ARTIGO 1 e ARTIGO 2). Sendo que a área das Urcas 

(recifes próximos ao talude da plataforma continental), campos de algas fanerógamas e 

recifes mais afastados da costa à nordeste apresentaram grandes hotspots tanto de riqueza 

de espécies quanto da grande maioria de funções ecológicas incluindo aquelas mais 

vulneráveis (Figuras 1 e 2).  O segundo padrão foi identificado apenas pela distribuição 

dos grupos funcionais (ARTIGO 2). Este padrão está claramente representado pelo grupo 

funcional 9, mas com alguma presença em áreas similares apresentadas pelo grupo 5 e 7 

(ARTIGO2).  Essa distribuição está relacionada com áreas mais próximas à costa e 

associadas a zonas sob influência de estuários. Seria então importante considerar está área 

como complementar ao primeiro padrão citado à cima uma vez que o funcionamento 

saudável do ecossistema depende que todas suas funções estejam sendo devidamente 

exercidas.  
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 A metodologia estatística apresentada representa uma ferramenta alternativa para 

investigações e modelagem espaciais baseadas em dados de biodiversidade marinha. Uma 

vez que os métodos Bayesianos, além de fornecerem resultados mais completos sobre os 

padrões observados, ainda fornece estimativas de incerteza sobre parâmetros e hipóteses 

estudados. Além disso, os modelos são robustos à problemas comuns em coletas em 

ambientes marinhos como diferentes esforços amostrais, diferenças em métodos e 

apetrechos de coleta, disposição de pontos de coleta limitados por questões de logística, 

outliers, entre outros. Isso aliado aos dados ambientais de alta resolução cada vez mais 

comuns e fáceis de se obter, reduz os custos e facilita a compreensão de fenômenos 

ecológicos proporcionando um melhor entendimento da dinâmica da biodiversidade 

marinha. 


