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Resumo 

Na era do Antropoceno, as atividades antropogénicas tiveram um impacto dramático no 

planeta, levando a alterações significativas nos seus elementos, incluindo o oceano global. As 

maiores ameaças aos ambientes marinhos incluem a sobrepesca, a perda de habitat, a poluição 

e fatores de stress induzidos pelas alterações climáticas, como a acidificação das águas e as 

temperaturas elevadas. Mais precisamente, para taxa bentónicos sésseis, em particular as 

esponjas - que desempenham papéis cruciais nos ecossistemas marinhos - a pesca de arrasto e 

as atividades petrolíferas e de gás estão entre as ameaças mais alarmantes. Estas perturbações 

mediadas pelo homem desencadearam uma perda de biodiversidade, afetando o funcionamento 

dos ecossistemas e, consequentemente, o bem-estar humano. Reconhecendo os efeitos destas 

atividades, os países uniram-se e tentaram combater coletivamente o declínio da biodiversidade 

global, como a Meta de Biodiversidade de 2010 e o Plano Estratégico para a Diversidade 2011-

2020, mas não conseguiram atingir esses objetivos. Atualmente, está em vigor o Quadro 

Mundial para a Biodiversidade pós-2020, que visa igualmente uma mudança positiva em 

termos de biodiversidade. No centro da abordagem das questões de biodiversidade, a 

compreensão dos padrões globais de biodiversidade é extremamente importante, mas continua 

a ser limitada, especialmente nos ambientes marinhos. Por esta razão, iniciativas globais, como 

o Censo da Vida Marinha, procuram discernir estes padrões, reconhecendo a importância de 

estabelecer uma base de referência para monitorizar futuras alterações da biodiversidade. No 

entanto, para gerir a biodiversidade, é necessário compreender a forma como as espécies se 

distribuem no mar, sendo a riqueza e a endemicidade das espécies as principais métricas. Os 

Modelos de Distribuição de Espécies (MDE) são uma ferramenta fundamental que oferece 

informações valiosas sobre a distribuição das espécies, sendo utilizados em diversas aplicações 

em ecologia, evolução e ciências da conservação. Os MDE são ferramentas computacionais 

concebidas para quantificar a relação entre a distribuição de uma espécie e múltiplos fatores de 

previsão ambiental. Associam observações da ocorrência ou abundância de espécies a 

estimativas ambientais utilizando uma variedade de métodos estatísticos. A utilidade dos 

modelos depende da avaliação do seu desempenho, que identifica os pontos fortes e as 

limitações, determinando assim o âmbito da sua aplicação prática. Devido à crescente 

disponibilidade de métodos estatísticos e de dados biológicos e ambientais, a sua aplicação 

tem-se desenvolvido em ecossistemas terrestres, de água doce e marinhos. As esponjas são 

componentes essenciais das comunidades bentónicas, tendo colonizado todos os ecossistemas 



 

 

aquáticos. Desempenham uma multiplicidade de papéis funcionais no que respeita ao substrato, 

à ligação bento-pelágica e a associações com outros organismos. Avanços recentes conduziram 

a estimativas globais da diversidade marinha e do endemismo entre taxa, mas a maior parte da 

investigação sobre a distribuição centra-se nos peixes, mamíferos e moluscos. No entanto, as 

esponjas, apesar dos seus diversos papéis e da sua presença generalizada nos ecossistemas 

aquáticos, são frequentemente negligenciadas. Existe apenas um número limitado de 

publicações sobre a distribuição de esponjas, e estas centram-se em espécies ou extensões 

geográficas específicas e limitadas, ou em associação com outros taxa. Devido à preocupação 

global com a perda de biodiversidade marinha, há uma procura crescente de determinar os 

atuais padrões de distribuição de espécies desconhecidas para identificar e medir eficazmente 

as alterações na biodiversidade. Para responder a esta necessidade, este estudo procurou 

estimar os padrões de biodiversidade global das demosponjas marinhas, membros da classe 

Demospongiae, que compreende ~81% do filo total. Numa primeira fase, foram recolhidos 

registos de espécies desta classe em diversos repositórios online. As observações recolhidas 

foram submetidas a uma validação cruzada para detetar potenciais erros taxonómicos e de 

distribuição espacial. Os registos que não se enquadravam nas suas distribuições batimétricas 

ou geográficas conhecidas ou em terra, de acordo com o conhecimento de especialistas, foram 

removidos. Obteve-se assim um conjunto de dados de 376.242 registos validados de 1.808 

espécies de demosponjas taxonomicamente aceites. Posteriormente, este conjunto de dados foi 

utilizado juntamente com um conjunto de variáveis ambientais ecologicamente relevantes para 

produzir modelos de distribuição de espécies. Foi utilizado um conjunto de três algoritmos: 

Boosted Regression Trees, Adaptive Boosting, Extreme Gradient Boosting. O método seguido 

produziu modelos individuais para 649 espécies de demosponge, que foram depois agrupados 

para revelar os seus padrões de biodiversidade a nível global. Foram utilizadas três métricas 

para avaliar o desempenho dos modelos Area Under the Curve, True Skill Statistic and Boyle’s 

metric. Adicionalmente, a contribuição relativa global dos preditores ambientais foi estimada, 

juntamente com limites considerados críticos para a disatribuição das espécies. Além disso, 

para explorar melhor estes padrões, foi efetuada uma análise hierárquica de agrupamento, com 

base nos dados de presença/ausência das 649 espécies em 12 Eco-regiões Marinhas do Mundo. 

Este estudo fornece, pela primeira vez, uma visão global dos padrões de distribuição global das 

espécies de demosponge com recurso à modelação da distribuição das espécies, melhorando a 

nossa compreensão deste grupo. De acordo com as três métricas, o desempenho do modelo é 

excelente e a sua incerteza é baixa. Com base nestes resultados, as condições térmicas 

caracterizam predominantemente o habitat das demosponjas, mas a produtividade primária e o 



 

 

pH também desempenham um papel significativo na sua distribuição. A maior diversidade está 

prevista nas regiões tropicais e subtropicais. Nomeadamente, áreas como o Mar das Caraíbas e 

o Golfo do México no Oceano Atlântico, bem como o Triângulo de Coral e as áreas da Grande 

Barreira de Coral nos Oceanos Indo-Pacífico, apresentam uma elevada biodiversidade. A 

técnica de agrupamento revelou três grupos distintos de demosponjas. O Oceano Austral 

emergiu como um grupo único, refletindo elevados níveis de endemicidade. O Pacífico 

Tropical Oriental emparelhou com a América do Sul Temperada. O resto das regiões marinhas 

juntaram-se num terceiro grupo, indicando que o Atlântico, em conjunto com o Indo-Pacífico 

e a Australásia, albergam uma parte substancial de espécies com distribuições generalizadas. 

As estimativas providenciadas, que identificam áreas de elevada diversidade de demosponjas, 

podem agora informar estratégias de conservação e gestão, incluindo ações destinadas a 

salvaguardar as suas numerosas contribuições ecológicas. 

 

palavras-chave: modelação da distribuição das espécies, padrões de biodiversidade, registos 

de ocorrência, riqueza das espécies, esponjas, endemismo 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

Abstract  

Anthropogenic activities have dramatically impacted our oceans, which have triggered 

cascading biodiversity loss. This, in turn, affects ecosystem functioning, services, and 

ultimately human well-being. In response, international agreements set conservation goals for 

positive biodiversity. A prerequisite for effective management is a comprehensive 

understanding of current marine species distribution. Sponges are essential components of 

benthic communities, having colonized all aquatic ecosystems. Despite their diverse ecological 

roles, sponges are often overlooked. In this study, we focused on marine sponges from the class 

Demospongiae, which make up ~ 81% of all sponges. Using Species Distribution Models, we 

delineated global biodiversity patterns of marine demosponges. Occurrence records, 

taxonomically and spatially curated, were paired with relevant environmental predictors using 

an ensemble of machine learning algorithms. The resulting individual models were stacked to 

unravel biodiversity trends on a global scale, along with overall relative predictors’ contribution 

and their corresponding critical thresholds. The findings showed that demosponge habitats are 

predominantly influenced by thermal conditions, pH, and phytoplankton productivity. Highest 

diversity was estimated in the tropical and subtropical zones, with one hotspot residing in the 

Caribbean Sea and Gulf of Mexico in the Atlantic Ocean, and the second in the Coral Triangle 

and Great Barrier Reef in the Indo-Pacific. Hierarchical clustering analysis of demosponges 

across the 12 marine realms revealed three groups. The Southern Ocean formed a single cluster, 

Eastern Tropical Pacific was paired with Temperate South America and the remaining realms 

merged into one group. This study, amplifies our understanding of global demosponge 

distribution, serving as a baseline to inform accordingly future conservation and management 

strategies. 

 

keywords: species distribution modelling, biodiversity patterns, occurrence records, species 

richness, sponges, endemicity 
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Chapter 1  

General Introduction 

1.1 Marine Biodiversity in the Anthropocene: Global Efforts and 

Conservation Priorities 

In the Anthropocene, the intensification of human impact has led to unparalleled changes in 

the elements of the biosphere (de Repentigny, 2021). The global ocean is no exception, since 

human exploitation in the sea is accelerated, reaching deeper waters, and increasingly 

impacting marine life (Williams et al., 2010). Current major anthropogenic threats of marine 

diversity are overfishing, habitat loss and pollution (Costello et al., 2010). Furthermore, climate 

change, mediated by human activities, is introducing additional stressors such as sea level rise, 

ocean warming and acidification, nutrient load changes and altered ocean circulation (Brierley 

& Kingsford, 2009). These changes can result in cascading biodiversity losses, which in turn 

influence the functioning of natural ecosystems and jeopardizes human well-being (Johnson et 

al., 2017). 

To address the biodiversity crisis, numerous global efforts have attempted to unite actions to 

stop or reverse the decline in biodiversity (Johnson et al., 2017). In 2002, countries signed the 

2010 Biodiversity Target through the Convention of Biological Diversity (CBD) and later in 

2010 adopted once again the Strategic Plan for Biodiversity 2011-2020 and Aichi targets to halt 

or reduce the worsening biodiversity trends (Xu et al., 2020). When these agreements failed to 

meet their targets by the designated time frame, a new framework was released from the 

Secretariat of the CBD in 2020, called post-2020 Global Biodiversity Framework (Xu et al., 

2020). Several studies have tried to identify the reasons behind this failure and provide advice 

and recommendations for the implementation to meet the new global targets (e.g., Xu et al., 

2020; Perino et al., 2022).  

Anthropogenic impacts, compounded by the imperative for conservation planning and 

management following the post-2020 framework have further promoted the study of diversity 

trends and processes from regional to local levels (Tittensor et al., 2010). These patterns of 

biodiversity differ across biomes, taxa and scales, influenced by ecological and evolutionary 

processes over geological times (Gagné et al., 2020; Perino et al., 2022). In the marine 

environment, however, our understanding of these global patterns is limited. The most 

significant worldwide collaborative effort in this regard has been the Census of marine life, 
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which aimed to assess and elucidate these patterns (Costello et al., 2010; Tittensor et al., 2010). 

Nevertheless, establishing appropriate baselines is crucial to follow future biodiversity shifts, 

since without them, we cannot accurately determine what and how much has been lost or 

evaluate the effectiveness of conservation and restoration efforts (Lin et al., 2022).  

Understanding species distributions is fundamental to almost every aspect of managing 

biodiversity and two major fundamental metrics arise: species richness and endemism 

(Franklin, 2010; Selig et al., 2014). Species Distribution Models (SDMs) are well established 

statistical tools for mapping marine species ranges, unveiling endemicity and richness trends, 

from regional to global scales, an essential step to prioritize areas for conservation (Costello & 

Chaudhary, 2017). Designated priority areas are shaped by both spatial patterns and human 

impacts. In particular, regions marked by high endemicity, characterized by species with small 

geographic ranges, or areas of concentrated high richness, affecting many species, are given 

precedence in conservation initiatives (Tittensor et al., 2010; Costello & Chaudhary, 2017). 

 

1.2 Species Distribution Modelling  

The prediction of species distribution is vital for diverse applications in ecology, evolution, and 

conservation science (Elith et al., 2006). The foundations that conceptualized Species 

Distribution Modelling (SDM) date back in the last century, defining a species’ niche within 

both geographic and environmental contexts (Colwell and Rangel, 2009; Sofaer et al., 2019). 

Today, SDMs have evolved into a fundamental tool across terrestrial, freshwater, and marine 

environments (Elith & Leathwick, 2009), along with the increasing availability of statistical 

methods, digital biological and environmental data that can be built in a geographic system 

(Miller, 2010).  

SDMs are statistical computational tools that quantify the relationship between a species 

distribution and a set of environmental predictor variables (Miller, 2010; Franklin, 2010). By 

associating observations of species occurrence or abundance with environmental estimates, 

they deploy various statistical learning methods, providing insights into species distributions 

(Elith & Leathwick, 2009; Franklin, 2013). These models serve as pivot tools in research, 

offering a multitude of applications that are based on species distributions.  They facilitate the 

investigation of related biogeographical variables, such as species richness and assemblages by 

stacking individual SDMs (Dubuis et al., 2011; Calabrese et al., 2014; Zurell et al., 2020). 
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Further, they help in evaluating invasiveness and proliferation potential (Srivastava et al., 2019) 

and understanding disease transmission (Peterson, 2006), detecting rare species sites (Jeliazkov 

et al., 2022), identifying potential translocation sites for endangered species (Eyre et al., 2022), 

testing evolution hypotheses (Graham et al., 2004) and guiding conservation and management 

decisions (Sofaer et al., 2019).  

Given the diverse applications of SDMs, there has been a surge in literature focused on 

developing metrics and methods to improve species distributions predictions. The basic 

elements of the SDMs, georeferenced data, environmental predictors and relevant algorithms 

are all meticulously selected and curated accordingly.  The utility of the models depends on the 

assessment of their performance, which pinpoints the strengths and limitations, thereby 

determining the range of their practical applications (Liu et al., 2009). However, several 

methodological challenges remain unresolved, leading to the development of various methods 

and approaches (Segurado et al., 2006). 

The nature of biological data, ordinal (e.g., presence/absence), nominal (e.g., ranked 

abundance), and ratio (e.g., abundance, richness) levels, dictates the choice of algorithms, 

influencing the output of the SDM product (e.g., probability of occurrence, expected mean) 

(Miller, 2010). SDMs can be divided into two groups, those who require only presence data 

and those necessitating both presence and absence data, with the second group performing 

better (Brotons et al., 2004). In any case, initial presence data need to be unbiased both 

geographically and climatically (Barbet-Massin et al., 2012). Since true absence data are 

difficult to obtain and verify, pseudo-absences or background data serve as substitutes (Barbet-

Massin et al., 2012). Another challenge is the adequate analytical power and thus the 

determination of a minimum number of records to generate an accurate model (van Proosdij et 

al., 2015). In such spatial analyses, the simple count might not be a good estimator of effective 

sample size, since the same number of close-distance observations convey less than widespread 

ones (Segurado et al., 2006). This phenomenon, called spatial autocorrelation, leads to 

overestimation of the effective sample size, and a variety of methods have been suggested to 

counteract its effects (Dormann et al., 2007). Additional concerns encompass the ratio of 

presences/absences (prevalence), the optimal number of pseudo-absences replicate sets, and 

the methods generate pseudo-absences (Barbet-Massin et al., 2012).  

Environmental data, the second vital component of SDMs, have become increasingly available, 

with access to high-resolution layers derived from remotely sensed data, data interpolation or 
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modelled data (Melo-Merino et al., 2020; Elith et al., 2006). In marine environments, the depth 

creates a third vertical dimension that exerts an additional challenge in modelling, especially 

for pelagic and high mobile species (Dambach & Rödder, 2011; Melo-Merino et al., 2020). The 

relevance and number of the environmental predictors, capturing a species’ niche are essential 

in model designing, and a mix of biological and statistical criteria help determine the best set 

of these variables (Melo-Merino et al., 2020). Additionally, the environmental predictors 

available in GIS layers are structured in cells as grids with various resolution levels (Huby et 

al., 2007; Miller et al., 2010). The spatial resolution affects both the extent of the predicted 

suitable area and the relative importance of the environmental variables (Basher et al., 2014). 

Hence, layers need to be adjusted to ensure consistency in spatial extent, grid cell size and 

alignment, and projection (Elith et al., 2006). A multitude of environmental predictors is used 

to develop these models including among others, physical and chemical properties of the 

seawater, seabed topography, geographic variables (e.g., distance to a factor), anthropogenic 

pressures, and even distribution maps of other species to represent potential biotic interactions 

(e.g., predation) (Miller, 2010; Melo-Merino et al., 2020). However, their temporal resolution 

is often overlooked, even though is crucial for mobile species, as their distribution is driven by 

dynamic oceanographic processes that vary across time scales (Mannocci et al., 2017).  

Selecting an appropriate machine learning algorithm is a pivotal consideration in modelling. 

Numerous SDMs exist to forecast species distributions by analyzing the relationship between 

occurrence and environmental predictors. Nevertheless, choosing the right algorithm tailored 

to specific data and objectives is challenging for researchers (Li & Wang, 2013). Despite the 

plethora of available methods and implementations, existing to fit these mathematical 

functions, no definitive consensus has emerged regarding which algorithms are optimal in 

specific contexts or across all scenarios (Araújo   et al., 2019; Sofaer et al., 2019). To improve 

performance of SDMs, recent studies favor a multi-model ensemble strategy, which offers a 

framework to include relevant model features such as degree of uncertainty and agreement 

levels between results (Jones & Cheung, 2015; Robinson et al., 2017; Sofaer et al., 2019).  

SDMs are underpinned by three fundamental goals: realism, generality, accuracy (Li & Wang, 

2013; Araújo et al., 2019). Realism pertains to the model’s ability to pinpoint key predictors 

impacting the system and to accordingly depict their effects and interactions. Precision is the 

model’s ability to correctly forecast within the system being modeled (space and time). 

Generality is the model’s ability to make predictions beyond its initial system, via projection 

or transfer to a different resolution and across time and space (transferability). (Araújo et al., 
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2019). Accomplishing all these three goals at the same time is challenging, many times 

requiring a sacrifice on one objective to fulfill the other two, depending on the study (Araújo 

& Peterson, 2012; Li & Wang, 2013). For instance, in climate change scenario predictions, 

generality is essential, and realism is important (Araújo et al., 2019). Hence, quantitative 

validation measures are necessary for assessing model performance and/or accuracy, precision, 

specificity, and sensitivity. Yet only a limited number of studies involve metrics of error or 

uncertainty, even though models accompanied by performance estimates foster trust in the 

predictions offered. (Robinson et al., 2017). 

 

1.3 Sponges 

Sponges, an ancient metazoan phylum, are an integral part of sessile benthic communities, 

having colonized all aquatic ecosystems, from freshwater to marine environments, intertidal to 

abyssal zones, tropics to polar zones (Barnes, 1999; Bell, 2008; Amina & Musayeib, 2018). 

They perform a multitude of functional roles regarding substrate, bentho-pelagic coupling, and 

associations with other organisms (Bell, 2008). Sponges interact with the substrate by either 

eroding or stabilizing it (Bell, 2008). Additionally, their feeding strategy as major filter-feeders, 

enables them to process large amounts of water, removing particulate and dissolved organic 

carbon and nutrients from the water column and thus rending carbon flow to higher trophic 

levels through predation (Bell, 2008; Bell et al., 2018).  

Sponges form relationships with other organisms that can be either microscopic or 

macroscopic. They establish close partnerships with a variety of microorganisms, which are 

collectively called sponge holobiont, that contribute to their nutrition, defense, immunity, and 

host development, thus jointly impacting their health and functioning (Moitinho-Silva et al., 

2017; Pita et al., 2018). The holobiont’s nutritional strategies can be phototrophic, deriving 

energy primarily from photosynthesis, and thus contributing to primary production, or 

heterotrophic depending primarily on suspension feeding (Bell, 2008; Bell et al., 2018). This 

distinction is important as it could shape how climate change impacts sponges (Bennett et al., 

2017). Furthermore, sponges with their associated microorganisms, produce secondary 

metabolites as defensive mechanisms, rendering them as invaluable sources of natural products 

that have diverse uses in the medical and biotechnology sectors and pharmaceuticals (Mehbub 

et al., 2014).  Sponges also support diverse macrofaunal communities, as with their three-

dimensional special complexity increase the number of available microhabitats, provide shelter 
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from predators, and serve as spawning and nursery grounds. This structural contribution 

underscores their role as ecosystem engineers, delivering a multitude of economic and 

ecological services. (Bell, 2008; Kennington et al., 2013; Idan et al., 2018). 

Recent advancements have led to global estimates of marine diversity and endemicity across 

taxa (Tittensor et al., 2010; Selig et al., 2014; Costello et al., 2017; Costello & Chaudhary, 

2017; Gagné et al., 2020; Melo-Merino et al., 2020). Most distributional research is focused on 

fish, mammals, mollusks, owing to economic and ecological significance of the first two 

groups and the conservation concerns associated with the third (Melo-Merino et al., 2020). 

However, sponges, despite their diverse roles and widespread presence in the aquatic 

ecosystems, are often neglected (Renard et al., 2018). Only a limited number is published 

regarding their sponge distribution using modelling practices (Melo-Merino et al., 2020). 

Existing studies often narrow their focus on specific species or geographic extents (e.g, 

Downey et al., 2012; Howell et al., 2016) or in association with other taxa such as corals (e.g, 

Rooper et al., 2014). 

Sponges are susceptible to climate change and direct human activities such as trawl fishing, oil 

and gas activities (Culwick et al., 2020). Under the global concern for marine biodiversity loss, 

there is growing demand to determine current species distribution patterns to effectively 

identify and measure changes in biodiversity (Fromont et al., 2006). To address this need, this 

study attempted to estimate the global biodiversity patterns of marine demosponges, members 

of the Class Demospongiae, which comprises ~81 % of the total phylum (Morrow & Cárdenas, 

2015). As a first step, species records from this class were gathered from diverse online 

repositories and were then cross-validated for taxonomic accuracy, as well as bathymetric and 

geographic distribution against established expert knowledge. This process yielded records for 

649 species, that were then utilized to produce a modelling ensemble of three machine learning 

algorithms paired with relevant environmental drivers. Finally, species richness patterns were 

revealed, after stacking individual species maps, along with the relative contributions and 

thresholds of the predictors. 

For the purposes of this master thesis, the research methodology is divided into two chapters. 

The first chapter is related to the collection and validation of the occurrence records, while the 

second focuses on the development of the Species Distribution Models and elucidating global 

patterns of demosponge distribution. 
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2.2 Abstract 

Biodiversity information in the form of species occurrence records is key for monitoring and 

predicting current and future biodiversity patterns, as well as for guiding conservation and 

management strategies. However, the reliability and accuracy of this information are frequently 

undermined by taxonomic and spatial errors. Additionally, biodiversity information facilities 

often share data in diverse incompatible formats, precluding seamless integration and 

interoperability. We provide a comprehensive quality-controlled dataset of occurrence records 

of the Class Demospongiae, which comprises 81% of the entire Porifera phylum. Demosponges 

are ecologically significant as they structure rich habitats and play a key role in nutrient cycling 

within marine benthic communities. The dataset aggregates occurrence records from multiple 

sources, employs dereplication and taxonomic curation techniques, and is flagged for 

potentially incorrect records based on expert knowledge regarding each species’ bathymetric 

and geographic distributions. It yields 376,242 records of 1,808 accepted demosponge species, 

that are provided under the FAIR principle of Findability, Accessibility, Interoperability and 

Reusability in the Darwin Core Standard. This dataset constitutes the most up-to-date baseline 

for studying demosponge diversity at the global scale, enabling researchers to examine 

biodiversity patterns (e.g., species richness and endemicity), and project potential distributional 

shifts under future scenarios of climate change. 

 

2.3 Specifications table 

Table 2.3.1. Specifications table regarding the research field these data address, type of data, and their sources.  

Subject Biodiversity 

Specific subject area Marine macroecology, marine biogeography, biodiversity data, marine conservation and 

management, climate change assessments 

Type of data 

Table 

Chart 

Graph 

Figure 
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How the data were 

acquired 

Occurrence records and expert knowledge were acquired from biodiversity information facilities. 

Data were processed using R statistical computing software, version 4.2.2 (2023) 

 

Data format 

Excel files (Raw and Filtered) 

Description of data 

collection 

Georeferenced occurrence records of the class Demospongiae, dereplicated, taxonomically 

curated, flagged for potentially incorrect entries regarding each species’ bathymetric and 

geographic distributions based on expert knowledge available in major databases of biological 

traits, and standardized with Darwin Core Standard. 

Data source location Institution: CCMAR- Centre of Marine Sciences 

City/Town/Region: Faro, Algarve 

Country: Portugal 

 

Occurrence records of demosponge species compiled from the biodiversity information facilities: 

 

(1) Ocean Biodiversity Information System (https://obis.org) 

(2) Global Biodiversity Information Facility (https://www.gbif.org) 

(3) Deep-Sea Coral & Sponge Map Portal, National Oceanic and Atmospheric 

Administration (https://www.ncei.noaa.gov/maps/deep-sea-corals/mapSites.htm) 

(4) National Biodiversity Network, NBN atlas (https://nbnatlas.org/) 

(5) Vulnerable Marine Ecosystems, International Council for the Exploration of the Sea 

(https://vme.ices.dk/download.aspx) 

(6) PANGAEA – Data Publisher for Earth & Environmental Science 

(https://www.pangaea.de) 

(7) BioTIME, A database of biodiversity time series for the Anthropocene (https://biotime.st-

andrews.ac.uk) 

(8) Integrated Digitized Biocollections (https://www.idigbio.org) 

(9) European Marine Observation and Data Network (EMODnet) – Data Ingestion Portal 

(https://www.emodnet-ingestion.eu/) 

(10) Aquamaps, a global online database containing standardized distribution maps for 

marine species (https://www.aguamaps.org) 

 

Expert knowledge of demosponge species compiled from the biodiversity information facility: 

 

(10) Aquamaps, a global online database containing standardized distribution maps for 

marine species (https://www.aguamaps.org) 

(11) SeaLifeBase, a global online database of information about marine life 

(https://www.sealifebase.ca) 

 

 

 

  

 

 

https://obis.org/
https://www.gbif.org/
https://deepseacoraldata.noaa.gov/
https://www.ncei.noaa.gov/maps/deep-sea-corals/mapSites.htm
https://nbnatlas.org/
https://vme.ices.dk/download.aspx
https://www.pangaea.de/
https://biotime.st-andrews.ac.uk/
https://biotime.st-andrews.ac.uk/
https://www.idigbio.org/
https://www.emodnet-ingestion.eu/
https://www.aguamaps.org/
https://www.aguamaps.org/
https://www.sealifebase.ca/
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2.4 Value of the data 

● The most up-to-date dataset of demosponge distribution records at a global scale. 

Marine sponges are keystone components of marine benthic communities, by serving 

as habitat builders, promoting biodiversity, and influencing nutrient cycling (Bell, 

2008). Additionally, they constitute a valuable source of natural products with various 

applications in biomedicine, pharmaceuticals, and biotechnology (Mehbub, et al., 

2014). Yet, sponges face numerous threats from environmental changes and human 

activities, including deep-sea industrialization and fishing. 

 

● The dataset is curated, with dereplicated and taxonomically standardized records, 

flagged for potentially incorrect records, and provided under the FAIR principle in 

Darwin Core Standard, for seamless integration in statistical analyses and 

interoperability across biodiversity datasets. 

 

● The dataset is a baseline to describe species’ distributions at the global scale and address 

niche-based questions, which comprise projections of climate-induced range shifts 

across space and time. 

 

● The dataset can assist researchers in tackling priority questions associated with 

demosponges macroecology, biogeography and climate change responses and impacts, 

which together can support the implementation of well-informed strategies for 

conserving, managing and restoring marine biodiversity. 

 

2.5 Objective 

Macroecology, biogeography and conservation research require complete and accurate 

occurrence data describing the distribution of species (Aubry et al., 2017). Although open-

access biodiversity databases like the Ocean Biodiversity Information System (OBIS, 2023) 

provide access to such information, they often contain spatial and taxonomic errors and can be 

incomplete. Additionally, the presence of duplicated data in various formats hampers seamless 

integration and interoperability (Assis et al., 2020). Here, we provide a dataset of demosponge 

distribution records at the global scale, comprising dereplicated records of 1,808 taxonomically 

standardized species and incorporating a quality control system flagging potentially incorrect 
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records (Vafeiadou et al., 2023; in prep.). Data are made available under the FAIR principle of 

Findability, Accessibility, Interoperability and Reusability in the Darwin Core Standard 

(Darwin Core Maintenance Group, 2021) 

 

2.6 Data description 

The dataset of occurrence records of species belonging to the class Demospongiae is provided 

in Excel format. Rows refer to occurrence records and columns are compatible with the data 

fields of Darwin Core Standard (Darwin Core Maintenance Group, 2021), with a focus on the 

date, source, location of records, taxonomy, and finally quality flag of records (Table 2.6.1). 

 

Table 2.6.1. Data fields of the global dataset of demosponge distribution records (Additional information on 

Darwin Core Standard (Darwin Core Maintenance Group, 2021): https://dwc.tdwg.org). 

Field Description 

aphiaID Identifier of the taxon, linked to the World Register of Marine Species 

name Name of the taxon, as originally reported 

acceptedName  Accepted name of the taxon, retrieved from the World Register of Marine Species 

kingdom  Higher taxonomic classification 

phylum Higher taxonomic classification 

class Higher taxonomic classification 

order Higher taxonomic classification 

family Higher taxonomic classification 

genus Higher taxonomic classification 

decimalLongitude Geographical longitude in decimal degrees of the record’s location 

decimalLatitude Geographical latitude in decimal degrees of the record’s location 

https://dwc.tdwg.org/
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coordinateUncertaintyInMeters Distance (in meters) from the decimal Latitude and decimal Longitude that 

describes the center of the circle containing the record’s location 

depthAccuracy Depth uncertainty of the record (in meters), as originally reported 

locality Name of the record’s location 

minimumDepthInMeters Minimum depth of the record (in meters), as originally reported 

maximumDepthInMeters Maximum depth of the record (in meters), as originally reported 

year Four-digit year in which the observation occurred 

month Two-digit month in which the observation occurred 

day Two-digit day in which the observation occurred 

bibliographicCitation Bibliographic reference of the record 

license “A legal document giving official permission to do something with the resource” 

georeferenceProtocol A description or reference to the methods used to determine the spatial footprint, 

coordinates, and uncertainties. 

scientificNameAuthorship Authorship information for the scientificName 

taxonomicStatus 

 

The status of the use of the scientificName as a label for a taxon. 

coordinatePrecision A decimal representation of the precision of the coordinates given in the 

decimalLatitude and decimalLongitude. 

country  The name of the country or major administrative unit in which the Location occured 

individualCount The number of individuals represented present at the time of the Occurrence. 

basisOfRecord The specific nature of the data record. 

measurementOrFact Quality control based on the flagging system: 

flagGeographicRange ‘−1’ for records outside the known geographic distribution 

of species 

flagVerticalRange ‘−1’ for records outside the known depth range of species 

flagLand ‘−1’ for records over land 

 

 

Initially, 506,492 records of occurrence of species belonging to the class Demospongiae were 

gathered from online biodiversity databases. Records were taxonomically standardized using 

the World Register of Marine Species, and duplicated and non-georeferenced records were 
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removed. Expert knowledge on the vertical and geographic distribution of species belonging 

to the class Demospongiae was gathered from the SeaLifeBase (Palomares & Pauly, 2023), an 

online database with information about marine life, and Aquamaps (Kaschner et al., 2019), a 

database providing expert-curated species range maps. Occurrence records falling outside the 

known vertical and geographical distribution, as well as on land, were then flagged as 

potentially incorrect, resulting in a final pruned dataset with 376,242 records of 1,808 species 

belonging to 270 genera, 87 families and 21 orders of the Class Demospongiae (Table 2.6.2, 

Figure 2.6.1) and covering the period from 1786 to 2023 (Figure 2.6.2) (WoRMS Editorial 

Board, 2023). 

 

 

Table 2.6.2 Number of species, records and flagged records falling out of the known (1) bathymetric and (2) 

geographic distribution, and (3) over land. Numbers in parentheses represent percentages. 

Order  Species number Records 

Flagged 

Outside vertical 

range 

Outside 

distribution 

range On land 

Agelasida 26 5308 3294 (62) 728 (14) 3 (0.06) 

Axinellida 115 27250 12880 (47.27) 4112 (15.09) 109 (0.4) 

Biemnida 30 1684 713 (42.34) 348 (20.67) 5 (0.3) 

Bubarida 38 4356 2868 (65.84) 542 (12.44) 19 (0.44) 

Chondrillida 17 5667 1421 (25.07) 1551 (27.37) 140 (2.47) 

Chondrosiida 5 3035 47 (1.55) 523 (17.23) 52 (1.71) 

Clionaida 72 45552 4073 (8.94) 6952 (15.26) 297 (0.65) 

Dendroceratida 27 4269 789 (18.48) 1472 (34.48) 35 (0.82) 

Desmacellida 9 97 31 (31.96) 38 (39.18) 0 (0) 

Dictyoceratida 106 39943 16967 (42.48) 7210 (18.05) 206 (0.52) 

Haplosclerida 300 36084 18359 (50.88) 6921 (19.18) 355 (0.98) 

Merliida 5 64 12 (18.75) 15 (23.44) 0 (0) 

Poecilosclerida 505 71955 19353 (26.9) 16167 (22.47) 323 (0.45) 

Polymastiida 34 18597 13876 (74.61) 2766 (14.87) 48 (0.26) 

Scopalinida 13 2513 792 (31.52) 524 (20.85) 3 (0.12) 

Sphaerocladina 1 13 11 (84.62) 0 (0) 0 (0) 

Suberitida 123 57089 13093 (22.93) 17604 (30.84) 949 (1.66) 

Tethyida 46 6458 2309 (35.75) 1578 (24.43) 47 (0.73) 

Tetractinellida 305 36240 12911 (35.63) 11622 (32.07) 76 (0.21) 

Trachycladida 2 164 20 (12.2) 139 (84.76) 2 (1.22) 

Verongiida 29 9904 3850 (38.87) 2589 (26.14) 152 (1.53) 

Total 1808 376242 127669 83401 2821 
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Figure 2.6.1. Global map of demosponge records. Points in purple indicate those flagged as potentially wrong, 

based on their known vertical and bathymetric ranges and/or on land. Points in orange demonstrate occurrences 

that are flagged as correct. 

 

Figure 2.6.2. Number of demosponge (a) records and (b) species available in the demosponge dataset per year 

from 1900 to 2023 (data are available since the year 1786). 
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2.7 Experimental design, materials and methods 

 

The collection and curation steps of the global dataset of demosponge distribution records are 

detailed below.  

 

Step 1. Collating the list of sponge species belonging to the Class Demospongiae 

The taxonomy of sponges covers a broad spectrum of species. The scope of this dataset is 

placed on marine species of the class Demospongiae, the largest sponge class comprising 81% 

of all sponges (Morrow & Cárdena, 2015). A list of taxonomically accepted species of the class 

Demospongiae was collated from the World Register of Marine Species (WoRMS) (WoRMS 

Editorial Board, 2023) and was used to search for occurrence records. WoRMS is an 

authoritative reference system for marine species that offers a unique identification code 

(aphiaID) associated with a standardized accepted name, and related taxonomic information. 

 

Step 2. Occurrence records collection 

Occurrence records of the targeted species were collected from major online biodiversity 

databases: (1) Ocean Biodiversity Information System (OBIS, 2023), (2) Global Biodiversity 

Information Facility (GBIF, 2023), (3) Deep-Sea Coral & Sponge Map Portal, National 

Oceanic and Atmospheric Administration (NOAA, 2023), (4) National Biodiversity Network, 

NBN atlas (NBN Trust, 2023), (5) Vulnerable Marine Ecosystems, International Council for 

the Exploration of the Sea (ICES, 2023), (6) PANGAEA – Data Publisher for Earth & 

Environmental Science (PANGAEA, 2023), (7) BioTIME, A database of biodiversity time 

series for the Anthropocene (BioTIME, 2023), (8) Integrated Digitized Biocollections 

(Integrated Digitized Biocollections, 2023), (9) European Marine Observation and Data 

Network, Data Ingestion Portal (EMODnet, 2023), (10) Aquamaps (Kaschner et al., 2019). The 

original source of each record is reported in the respective fields of the Darwin Core Standard.  

 

Only records reporting no copyright and without restrictions for any use or any use with 

appropriate attribution (e.g., CC0 or CC BY, www.creativecommons.org) were stored in the 

dataset. 

 

 

 

https://deepseacoraldata.noaa.gov/
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Step 3. Taxonomic curation 

Taxonomic standardization was performed for each entry with the WoRMS (WoRMS Editorial 

Board, 2023). Entries with status other than accepted were matched with the currently valid 

species names. Records were also checked to belong to the Demospongiae class, and if not, 

they were discarded from the dataset. 

 

Step 4. Pruning of occurrence records 

Records lacking coordinated information were discarded from the dataset. Additionally, 

duplicated records sharing the same spatial (longitude, latitude, depth) and temporal 

information (year, month, day) were discarded from the dataset. 

 

Step 5. Quality control flagging of occurrence records 

In marine biodiversity research, quality control is an essential step, especially when handling 

thousands of records. No matter how reliable a source is, the presence of incorrect records is 

still possible and can be propagated across repositories due to automatic interoperability (Assis 

et al., 2020). To solve this problem, a quality control system was followed as outlined by Assis 

et al., 2020 to flag records over land and/or with potentially wrong geographical and vertical 

distributions.  

 

Records over land were identified with a polygon provided by Natural Earth (Natural Earth, 

2020), a public domain map that encompasses different scales. Here, the 1:10 m scale layer 

was employed as a reference. The criterion for flagging records was based on a 1km Euclidean 

distance from the ocean, as in Assis et al., 2020. 

 

Additionally, the depth of each record was extracted based on the General Bathymetric Chart 

of the Oceans (GEBCO), a global terrain model providing elevation data, in meters, on a 15 

arc-second interval grid (GEBCO Compilation Group, 2022). The depth values were compared 

to the known bathymetric distribution of the corresponding species based on expert knowledge 

information provided by SeaLifeBase (Palomares & Pauly, 2023) and Aquamaps (Kaschner et 

al., 2019). More specifically, records were flagged when their depth values fell out of their 

known bathymetric range. Likewise, the validation of geographical locations, based on 

longitude and latitude, was compared to the expert knowledge information for the 

corresponding species provided by SeaLifeBase (Palomares & Pauly, 2023) and Aquamaps 
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(Kaschner et al., 2019). Known geographical locations were reported in the form of Food and 

Agriculture Organization (FAO) Major Fishing Areas (FAO, 2023).  

 

Step 6. Dataset format standardization 

The dataset was standardized based on the Darwin Core Standard, a framework that provides 

identifiers, labels, and specific definitions to facilitate sharing of information about biodiversity 

(Darwin Core Maintenance Group, 2021).  The dataset provides standardized information for 

each entry, on source, taxonomy, date, location, depth and quality flag (Table 2.6.1).  

 

Potential use of the dataset 

The global dataset of demosponge distribution records is an up-to-date baseline for 

characterizing the distribution of species and unravelling biodiversity patterns such as 

endemicity centres and species richness hotspots to guide conservation, management and 

restoration strategies (Fragkopoulou et al., 2022). It can also be used in modelling frameworks 

to identify suitable habitats of overlooked species (Boavida et al., 2016) and project future 

range shifts under climate change scenarios (Assis et al., 2014). 
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3.2 Abstract 

Anthropogenic activities have dramatically impacted our oceans, which have triggered 

cascading biodiversity loss. This, in turn, affects ecosystem functioning, services, and 

ultimately human well-being. In response, international agreements set conservation goals for 

positive biodiversity. A prerequisite for effective management is a comprehensive 

understanding of current marine species distribution. Sponges are essential components of 

benthic communities, having colonized all aquatic ecosystems. Despite their diverse ecological 

roles, sponges are often overlooked. In this study, we focused on marine sponges from the class 

Demospongiae, which make up ~ 81% of all sponges. Using Species Distribution Models, we 

delineated global biodiversity patterns of marine demosponges. Occurrence records, 

taxonomically and spatially curated, were paired with relevant environmental predictors using 

an ensemble of machine learning algorithms. The resulting individual models were stacked to 

unravel biodiversity trends on a global scale, along with overall relative predictors’ contribution 

and their corresponding critical thresholds. The findings showed that demosponge habitats are 

predominantly influenced by thermal conditions, pH, and phytoplankton productivity. Highest 

diversity was estimated in the tropical and subtropical zones, with one hotspot residing in the 

Caribbean Sea and Gulf of Mexico in the Atlantic Ocean, and the second in the Coral Triangle 

and Great Barrier Reef in the Indo-Pacific. Hierarchical clustering analysis of demosponges 

across the 12 marine realms revealed three groups. The Southern Ocean formed a single cluster, 

Eastern Tropical Pacific was paired with Temperate South America and the remaining realms 

merged into one group. This study, amplifies our understanding of global demosponge 

distribution, serving as a baseline to inform accordingly future conservation and management 

strategies. 
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3.3 Introduction  

Sponges (Porifera) are ancient sessile metazoans with a fossil record dating back 541 million 

years, during which some member of this phylum flourished or waned, with regards to past 

climatic fluctuations that caused evolutionary opportunities (Muir et al., 2017). They are major 

components of benthic communities thriving in a wide range of marine habitats (Barnes, 1999). 

From the intertidal to abyssal zone, tropics to polar zones, across varying salinity, substratal 

and temperature ranges, sponges come in various colors, shapes and sizes (Barnes, 1999; 

Amina & Musayeib, 2018; Bell, 2018). Their importance is reflected in their diverse ecological 

roles. They act as habitat builders, forming three-dimensional structures, influencing stability, 

and increasing the available microhabitats to promote biodiversity, offer shelter from predators, 

and serve as areas of spawning and nursery (Idan et al., 2018). Being active filter-feeders, 

sponges are perceived as keystone species of bentho-pelagic coupling and nutrient cycling, 

since they remove carbon and nutrients from the water column and render them available to 

higher trophic levels (Bell, 2008; Pomponi et al.,2019). Additionally, they represent a valuable 

economic resource of natural products with diverse applications for biotechnology, medicine, 

and pharmaceuticals (Mehbub et al., 2014).  

Despite the ecological importance of Porifera, this phylum is often overlooked, resulting in 

limited and fragmented knowledge regarding their biodiversity patterns at biogeographical 

scales. Existing studies have focused on specific habitats such as Caribbean sponges in coral 

reef communities (e.g.  Diaz & Rützler, 2001), geographic areas such as Australian waters (e.g., 

Huang et al., 2011), certain depths (e.g., Pomponi et al., 2019), few individual species and/or 

certain assemblages (e.g, Carballo et al., 2008) or a mix of all those (Idan et al., 2018). Up to 

date, only one study has attempted to estimate the global diversity of this phylum but was based 

solely on sponge records, representing a minimal estimate of the distribution of already studied 

regions (van Soest et al., 2012). In addition, anthropogenic activities are also exerting influence 

on sponge survival, abundance, and distribution (Vad et al., 2021), thus shifting biodiversity 

baselines (Assis et al., 2013). Under this prism, and in a collective attempt to safeguard marine 

biodiversity, the International Union for Conservation of Nature (IUCN) Word Conservation 

Congress has called for the protection of at least 30% of the global ocean by 2030 (IUCN, 

2016) and in June, 2023, the BBNJ Treaty (biodiversity beyond national jurisdiction) was 

adopted to establish large-scale marine protected areas in the high seas (Tiller & Mendenhall, 



 

28 
 

2023). This further highlights the need to estimate and identify biodiversity hotspots globally 

to inform conservation strategies and proper management. 

In this study, we used machine learning Species Distribution Modelling (SDM) to help bridge 

the knowledge gap regarding sponge distribution on a global scale, aligning with the growing 

demand to inform ongoing conservation demands. Species Distribution Modelling is a widely 

used tool in ecology, biogeography, and conservation (Jiménez‐Valverde et al., 2008), which is 

based on correlating species occurrence records with environmental predictor variables 

(Franklin, 2013; Elith et al., 2006), giving insights to ecologists and conservation managers of 

species’ distribution patterns (Allouche et al., 2006). We provide an analysis of the global 

biodiversity patterns of 649 species of the class Demospongiae, which comprises ~ 81% of the 

sponge biome (Morrow & Cárdenas, 2015). To achieve this, we used a comprehensive dataset 

of occurrence records, which is dereplicated, and assessed both taxonomically and spatially by 

expert available knowledge (Vafeiadou et al., 2023; Chapter 2), and a set of meaningful 

predictors to fit three machine learning algorithms (Boosted Regression Trees, Adaptive 

Boosting, Extreme Gradient Boosting).  We then stacked the individual predictive models to 

uncover global diversity trends among demosponges. Our research establishes foundational 

data, unveiling critical habitats of demosponges. This essential knowledge will help guide 

future conservation and management strategies, directing efforts towards areas important to 

demosponges, such those of high richness and endemicity.  Identifying and protecting these 

areas, not only ensures the preservation of demosponges, but also secures the marine 

ecosystems they sustain. 

 

3.4 Materials & Methods 

Occurrence records and environmental predictors 

Occurrence records of marine sponges that belong to the Class Demospongiae were collected 

from a curated dataset consisting of 1,808 accepted species (Vafeiadou et al., 2023; Chapter 2). 

This dataset contains records of demosponges collected from multiple online repositories, 

dereplicated and curated based on current taxonomic data available in World Register of Marine 

Species (WoRMS, 2023). The dataset cross-validates bathymetric and geographic distributions 

based on expert knowledge. Out of the 1,808 species, 649 were used in this study since SDM 
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needs a sample size of at least five geographically distinct observations (van Proosdij et al., 

2016). 

Considering demosponges’s biology and ecology, relevant environmental predictors related to 

physical, topographic and disturbance ocean properties, were selected to produce the models. 

The respective climate data were extracted from Bio-ORACLE v2.0 (Assis et al., 2017b), 

specifically, benthic layers of temperature (long-term minimum and maximum), dissolved 

molecular oxygen (long-term minimum), pH (long-term minimum), salinity (long-term 

minimum), seawater speed (long-term minimum), silicate (long-term minimum), total 

phytoplankton productivity (long-term minimum), slope (mean), terrain ruggedness index 

(mean). 

Stacked Species Distribution Modelling 

An ensemble of three high performance algorithms were utilized to produce individual species 

distribution models, namely, Boosted Regression Trees (BRT) (Elith & Leathwick, 2017), 

Extreme Gradient Boosting (XGBoost) (Chen & Guestrin, 2016) and Adaptive boosting 

(AdaBOOST) (Citores et al., 2020). A number of advantages comes with their use on species 

distribution modelling including their ability to excel in handling biodiversity datasets with low 

prevalence (Elith et al., 2006), effectively capture intricate relationships and interactions 

between predictor and response variables (Barbet-Massin et al., 2012) and reduce overfitting 

by means of hyperparameter tunning and the enforcement of monotonic responses (Hofner et 

al., 2011; Elith & Leathwick, 2017), a crucial step in enhancing model transferability (Elith et 

al., 2006; Elith & Graham, 2009; Heikkinen et al., 2012). 

These machine learning tools require presence and absence data, but given the fact that only 

presences were available, pseudo-absences were randomly generated per species. A filtering 

procedure was applied to both occurrences and pseudo-absences to remove excess information 

and counteract the spatial autocorrelation and spatial bias in the models (Dormann et al., 2007). 

As a first step, one occurrence from the pool was randomly selected within a species-specific 

distance, where predictor variables did not demonstrate significant autocorrelation (Segurado 

et al., 2006; Di Cola et al., 2017). Built correlograms helped determining such distance by 

evaluating the Pearson’s correlation coefficient of predictors as a function of geographic 

distance. The second step involved only the pseudo-absences, which were further pruned in a 

1:1 ratio with occurrence records, a process followed by Barbet-Massin et al., 2012. To prevent 

redundancy in our modelling data, pseudo-absences were categorized based on climate 
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conditions using K-means clustering algorithm with predictor variables, with the k parameter 

set equal to the number of occurrences (Senay et al., 2013). This extra step was essential in 

dealing with class imbalance, a significant concern in machine learning (Japkowicz & Stephen, 

2002), which enhances our ability to isolate the relative contribution of predictor variables on 

model outcomes (Senay et al., 2013). 

A cross-validation framework with ten random folds was followed to estimate predictive error 

and tune model parameters, with the use of independent spatial blocks represented by 

hexagons, with their dimension aligned with the previously inferred climatic uncorrelated 

distances (Elith et al., 2008; Roberts et al., 2017; Valavi et al., 2019). This approach involves 

testing all the hyperparameter combinations for each algorithm, a process referred to as the 

“grid-search” method. Regarding BRT, the learning rate was set from 0.1 to 0.01, at a step of 

0.001, tree complexity from 1 to 4, and number of trees from 50 to 100, at a step of 50 (Assis 

et al., 2017a). Accordingly, for XGBoost, gamma was set from 0 to 5, interaction depth from 1 

to 4, shrinkage from 0.1 to 0.5 at a step of 0.1 and number of rounds from 10 to 100 at a step 

of 10 (Valavi et al., 2022). For ADABoost, the number of interactions ranged from 50 to 250 

(step 50), degrees of freedom varied from 1 to 12 and shrinkage from 0.25 to 1 (step 0.25) 

(Krause-Jensen et al., 2020). For the training of the competitive models, data were divided into 

nine random folds, reserving one-fold at a time for testing to evaluate predictive error. To 

address overfitting and improve model generalization, monotonicity constraints were applied 

to ensure a positive or negative fit for each predictor based on anticipated biological impact on 

the model’s response (Hofner et al., 2011). Αll variables were considered to have a positive 

effect on the response of the models, apart from maximum temperature. Between predictors, 

Pearson’s correlation coefficient (r) and Variance Inflation Factor (VIF) were determined. 

Three metrics were used to evaluate predictor performance; Boyce index which is particularly 

suitable for presence-only models, and ranges between -1 to 1, true skill statistic (TSS) which 

ranges between 0 and 1 and area under the curve (AUC) that ranges between 0 and 1 (Boyce 

et al., 2002; Allouche et al., 2006; Bellard et al., 2013). Values closer to 1 indicate predictions 

matching observed patterns and values closer to 0 or less indicate a performance no better than 

random, while specifically for AUC a score higher than 0.8 indicates good performance 

(Fielding & Bell, 1997; Allouche et al., 2006; Bellard et al., 2013). 

Models were created, encompassing all predictors, and employing hyperparameter 

combinations that achieved lower prediction error in cross-validation, to investigate the relative 
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contribution of predictors and to generate partial dependency plots illustrating each predictor’s 

impact on model’s responses (Elith et al., 2008; Assis et al., 2022). Ensemble modelling was 

performed, with the development of distribution maps per species, by averaging the algorithm’s 

predictive responses and the multiple cross-validation rounds (Araújo & New, 2007). The maps 

were then reclassified into binary maps representing presence and absence data by applying a 

minimum training threshold. This threshold was determined based on setting a minimum 

predicted area, while maintaining a sensitivity of 0.95 or higher (Vignali et al., 2020). To 

minimize overprediction, the maps were then clipped to include areas potentially reachable by 

dispersal, a crucial step in SDM for low dispersal species such as sponges (Ekins et al., 2016). 

Therefore, while dispersing, sexual or asexual propagules cannot traverse regions of unsuitable 

habitats unless supported by documented occurrence records. With this assumption, we set a 

range for up to 200 km. 

Species richness patterns were estimated by summing the individual species’ binary maps while 

considering dispersal constraints (Fragkopoulou et al., 2022). Estimate uncertainty was 

determined by mapping the standard deviation of the predictive responses the three algorithms 

and cross-validation rounds. For visualization purpose, the maps were aggregated into 60 km 

resolution hexagons, and summary tables were generated to reveal habitat coverage and 

diversity per marine ecoregion (Spalding et al., 2007).  

Species presence was denoted in a binary format, with 1 indicating presence and 0 indicating 

absence, within the Marine Ecoregions of the World’s biogeographic classification of global 

coasts and shelves. This global marine classification system comprises three levels: Marine 

Realms, Ecoregions and Provinces (Spalding et al., 2007). Hierarchical clustering analysis was 

performed for the existing 12 marine realms, based on the predicted presence/absence of each 

species, employing the group-average linking of Bray-Curtis similarities as followed by van 

Soest et al., 2012. To determine the optimal number of clusters, the silhouette method was used 

(Rousseeuw, 1987). 

All analyses were performed in R (R Core Team, 2022). 

 

3.5 Results 

Species distribution models were produced for 649 sponges of class Demospongiae. These 

species belong to 201 genera, 77 families and 20 orders. In general, the ensemble of the three 
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algorithms (BRT, ADABoost, XGBoost) demonstrated excellent performance when predicting 

the occurrence of the demosponge species (AUC: 0.99 ± 0.03; TSS: 0.98 ± 0.06; Boyce: 0.90 

± 0.08) (Figure 3.5.1). The application of dispersal constraints marginally improved the 

metrics’ performance (ΔAUC: 0 ± 0.01; ΔTSS: 0± 0.01) or not at all (i.e, ΔBoyce: 0 ± 0) (Figure 

3.5.1). 

 

  

 

Figure 3.5.1. Performance metrics for the model ensemble of the three algorithms (BRT, ADABoost, XGBoost) 

estimated for the 649 sponge species: Boyce index, area under the curve (AUC) and true skill statistic (TSS). 

White boxplots: Before dispersal constraints (left). Gray boxplots: After dispersal constraints (right). 

 

 

Minimum and maximum temperature, pH and phytoplankton productivity contributed the most 

to expain the distribution models of demosponges (average relative contribution of 26.98 %, 

10.64%, 14.34% and 12.34% respectively). Minimum salinity and mean terrain ruggedness 

had the lowest contribution to the models, with each accounting for less than 5% (Figure 3.5.2). 

The models predicted thermal thresholds defining the distribution of demosponges to range 

between 5.56 ± 9.14 oC and 27.14 ± 5.93 oC. Furthermore, overall distributions were predicted 

in habitats where pH greater than 7.71 ± 0.23 and phytoplankton productivity above 0.07 ± 

0.19 μmol/ m3  (Figure 3.5.3).  
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Figure 3.5.2. Relative contribution of the environmental predictors estimated using the ensemble of the models 

(BRT, ADABoost, XGBoost) for the 649 sponge species.  

 

 

 

Figure 3.5.3. Tipping points of each environmental predictor as inferred from the ensemble of the models (BRT, 

ADABoost, XGBoost) for the 649 sponge species. 
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Stacking individual SDMs enabled the identification of biogeographic patterns of 

demosponges at a global level (Figure 3.5.4) with low uncertainty (Figure 3.5.5). Overall, 

suitable habitats for demosponges cover an area of 47,269,253 km2, distributed at an average 

depth of 103.83 ± 239.24 meters, with a maximum depth at 8,758 meters for the species 

Chondrocladia (Chondrocladia) concrescens (Supplementary material S1).  

In total, model uncertainty was low (maximum: 0.07), detected mostly in regions along the 

Western Central Atlantic, and the Northeast Pacific (Figure 3.5.5). 

One major diversity hotspot was found in the Tropical Atlantic and Temperate Northern 

Atlantic marine realms (Figures 3.5.4), comprising maximum species richness levels of 245 

and 286 species, and an endemicity of 30 and 39 species, respectively (Figure 3.5.7). 

Specifically, maximum richness was predicted in the Floridian Ecoregion (171 species; 

Supplementary material S2) followed by the Ecoregion of Northern Gulf of Mexico (66 

species; Supplementary material S2). A second hotspot was estimated in the Central Indo-

Pacific realm, with maximum richness of 290 species and endemicity of 11 (Figure 3.5.7). 

Maximum richness was predicted in the Central and Southern Great Barrier Reef (137 species; 

Supplementary material S2) and Fiji Islands (137 species; Supplementary material S2). Areas 

with high biodiversity were predicted also in the Gulf of Papua (maximum: 109 species; 

Supplementary material S2) and Solomon Sea (maximum: 104 species; Supplementary 

material S2). Additionally, the Eastern Indo-Pacific realm was estimated to have a total 

maximum richness of 282 species, but no endemics. More precisely, maximum richness was 

predicted in Gilbert and Ellis Islands (130 species; Supplementary material S2).   

Lowest species richness was predicted in Tropical Eastern Pacific and Temperate Southern 

Africa, comprising 16 and 11 species respectively with no endemics present (3.5.7).  
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Figure 3.5.4. Global estimates of demosponge species richness predicted with Species Distribution Modelling. 

The ensemble of the algorithms (BRT, ADABoost, XGBoost) for the individual models of the 649 demosponges 

was stacked to unravel their patterns on a global scale.  For visualization purposes, an optimal resolution of the 

global hexagon grid system (60 km) was used. The spectrum (0 – 162) indicates the species number estimated 

within each hexagon.  

Figure 3.5.5. Uncertainty of the global estimates of demosponge species richness predicted with Species 

Distribution Modelling. The uncertainty is calculated as the standard deviation of the predictive responses of the 

three algorithms (BRT, ADABoost, XGBoost) and cross-validation rounds.  For visualization purposes, an optimal 

resolution of the global hexagon grid system (60 km) was used. The spectrum (0 – 0.07) indicates the uncertainty 

estimated within each hexagon.  
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The hierarchical clustering of the modelled distribution of species into the twelve marine 

realms revealed three broad assemblages, supported by the silhouette method (Figure 3.5.6, 

3.5.7). The Southern Ocean stood out as a single cluster, having the highest number of endemic 

species (49). The second cluster consisted of Temperate South America and Tropical Eastern 

Pacific. Finally, the biggest third cluster comprised geographically neighbouring realms; the 

Arctic with the Temperate and Tropical Atlantic and the remaining realms (Figure 3.5.7).  

 

  

 

 

 

Figure 3.5.6. Silhouette method employed to determine the optimal number of spatial clusters of demosponge 

species speard across the 12 marine realms, based on presence/absence data of the 649 modelled species. 
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Figure 3.5.7. Bray-Curtis dissimilarity dendrogram with average-based linkage method based on predicted 

presence/absence data of demosponges across the 12 marine realms. Green boxes indicate the spatial clusters 

defined after the silhouette method. Below bars show species richness and endemicity levels for each realm. 

 

 

3.6 Discussion 

Using stacked species distribution models, we provide the first overall view of the global 

biodiversity patterns of demosponge species, marking an advancement in our understanding of 

this important taxonomic group. According to our estimates, the demosponge biome is mostly 

defined by thermal conditions, while primary productivity and pH are also major distribution 

drivers. Areas with the highest diversity were predicted in the tropic and subtropic zones. 

Specifically, key areas of high diversity are the Caribbean Sea and the Gulf of Mexico in 

Atlantic Ocean and the Coral Triangle and Great Barrier Reef regions in the Indo-Pacific 

Oceans. Our cluster analysis based on marine realms revealed the existence of three 

differentiated groups. The Southern Ocean stood alone as a single cluster, showing the highest 
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levels of endemicity, while the Eastern Tropic Pacific assembled with Temperate South 

America. The remaining marine realms coalesce into a third cluster, implying that the Atlantic 

together with Indo-Pacific and Australasia host a substantial number of shared species with 

widespread distributions. Overall, these estimates serve as baselines that can now inform 

conservation and management strategies, including actions aimed at safeguarding the 

numerous ecological contributions. 

We utilized an ensemble of three machine learning algorithms, an approach used for enhancing 

the robustness of models (Araujo & New, 2007). These models, trained on expert-validated 

data, along with a collection of biologically important environmental drivers, exhibited both 

high performance and low uncertainty. The restricted SDMs provide a more precise 

representation of the geographical and environmental niche a taxon is exposed to, without 

needing previous knowledge about species dispersal ecology (Cooper & Soberon, 2018). 

However, the incorporation of dispersal limitations, a valuable yet underestimated strategy, that 

generally enhances model performance, did not significantly affected the performance of our 

models, but allowed controlling overprediction (Mendes et al., 2020).  

Our findings support that temperature, pH and primary productivity are the most significant 

environmental drivers that shape the distribution of the demosponge biome on a global level. 

Temperature conditions, in particular, were the main driver of distribution patterns, which is 

consistent with previous studies focused on sponges (Huang et al., 2011; Howel et al., 2016) 

or in marine biodiversity studies at macroecological scales (Tittensor et al., 2010; Gagné et al., 

2020). In addition, pH was inferred to drive demosponge distributions. Sponges, as lower 

invertebrates, exhibit limited capacities to regulate their acid-base balance due to the absence 

of protective cellular structures found in other animals, making them potentially vulnerable to 

pH fluctuations (Pörtner, 2008; Goodwin et al., 2014). Phytoplankton productivity was further 

estimated to be a major contributor in sponge distribution. Indeed, phytoplankton productivity 

fuels energy flux into marine ecosystems, and sponges being prominent filter-feeders process 

large quantities of dissolved and particulate organic matter and are primarily mixotrophic or 

heterotrophic (Valentine & Jablonski, 2019; Lesser & Slattery, 2020; de Goeij et al., 2017). It 

is worth mentioning that, in addition to their filter-feeding strategy, sponges can also rely on 

phototrophic symbionts to meet their metabolic and energetic needs or, on rare occasions, 

exhibit carnivory (Wilkinson & Cheshire, 1990; Vacelet & Boury-Esnault, 1995). Other 

physical (salinity, silicates, oxygen), disturbance (currents) and topographic predictors (slope, 

terrain ruggedness) were not as important for all species, yet they were found key for specific 
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species. For instance, for Isodictya erinacea, the relative contribution of silicates was 58.10%, 

for Hymeniacidon heliophile salinity’s relative contribution was 10.14%, and for Spirastrella 

hartmani, terrain ruggedness dominated the relative contribution of predictors, on a 69.52%. 

Altogether, our study has indicated the key environmental predictors shaping the distribution 

of demosponges along with their overall critical thresholds for the first time. Given the fact that 

there is a knowledge gap on how most sponges respond to environmental pressures (Bell et al., 

2015), these findings can serve as a foundation for future experimental studies. It is necessary 

to consider that responses to environmental perturbations might exhibit species-specific 

characteristics and therefore influence variations in resilience beyond these thresholds 

(Guzman & Conaco, 2016). 

Sponges, being major components of benthic communities from shallow to abyssal depths, 

were predicted to have a vast extent of suitable habitats that reaches c. 47 million km2 on a 

global scale. In comparison, other ecosystem structuring species, such as kelps, cover 

significantly less area, c.  1.71 million km2 (Fragkopoulou et al., 2022), which is roughly 27 

times smaller than our predicted estimate for sponges. Others, such as mangroves or 

zooxanthellate corals, exhibit coverage areas more than 300 times smaller (Jayathilake & 

Costello, 2020). These are coastal, light-dependent taxa, restricted to a narrow vertical 

distribution, while sponges have the advantage of thriving in a variety of environments not 

dependent on light availability (Amina & Musayeib, 2018). While our finding constitutes a 

first worldwide estimate, future research should use higher spatial resolution to identify patchy 

distributions of demosponges at the regional scale. 

Our stacked species distribution models allowed us to discern the distribution patterns of the 

demosponges on a global level. A marine latitudinal diversity gradient was revealed, with high 

species richness existing in low latitudes (Supplementary material S3).  This observation aligns 

with previous macroecological studies made across taxa that showed a similar trend of diversity 

reaching its peak in low latitudes and declining poleward (Valentine & Jablonski, 2015; Gagné 

et al., 2017). Likewise, two major hotspots in these low latitudes were predicted; one located 

in the Western Atlantic, covering the Caribbean Sea and the Gulf of Mexico, and the second in 

the Indo-Pacific, encompassing the Coral Triangle area and Great Barrier Reef in the North-

East Australia. These results coincide with the two primary coral reef areas that occur in the 

global ocean, the “Greater Caribbean” which extends from Bermuda down to Venezuela and 

the second one in the Indo-Pacific (Maldonado et al., 2017). Especially, the Coral Triangle is 

traditionally considered to host the greatest species diversity in the world (Brigss & Bowen, 
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2013), which our study and additional ones show that it is also implied for sponges (Maldonado 

et al., 2017), while the Caribbean hosting the greatest concentration of marine species in the 

Atlantic Ocean (Roberts et al., 2002). A few evolutionary theories may explain the observed 

high diversity in these two regions (Bowen et al., 2013). One is the center of speciation or 

origin, where these epicenters act as species exporters potentially following the population 

fragmentation caused by complex long-term geological features and habitat diversity, coupled 

with competition. Additionally, the center of accumulation theory suggests that speciation 

occurs in peripheral habitats which then disperse towards the center, favored by oceanographic 

currents. The center of overlap is another theory, developed only for the Indo-Pacific region, 

which supports that diversity stems from distinct Indian and Pacific faunas developed during 

periods of isolation during low sea levels. A more recent theory, biodiversity feedback, includes 

elements of all previous models, suggesting allopatric and sympatric speciation concurs in the 

marine environment in both directions enhancing biodiversity. (Bowen et al., 2013) 

Within the tropics, differences in diversity have also been inferred regarding our results 

between the western and eastern sides of the Atlantic and the Pacific Ocean, with the eastern 

parts appearing less diverse. This disparity may be attributed to equatorial ocean currents which 

are directed towards higher latitudes in the western sides of the two oceans, carrying warm 

water and tropical species with them, while in the eastern sides bring cool waters towards the 

tropics, resulting in lower diversity in the latter areas (Briggs, 2003). The Eastern Tropical 

Pacific (ETP), being a small marine realm, is considered an isolated oceanic region exposed to 

extreme oceanographic conditions whose coral reefs possess a less extensive suite of species 

in comparison with other coral reef areas (Cortés et al., 2017). This results in its sponge fauna 

being less diverse than those of Caribbean and Western Pacific reefs. In ETP, sponges are 

mainly cryptic encrusting and very small in size (Carballo et al., 2019). In the case of the 

respective eastern side of Tropical Atlantic, which is considered a subset of the Tropical 

Atlantic marine realm, studies regarding sponge diversity are very limited (Bell et al., 2020).   

Our cluster analysis based on species presence and absence data revealed three main groups 

within twelve marine realms.  The widest cluster comprises all major marine realms, among 

which we detected the biodiversity hotspot areas. This suggests that there are shared species 

among the Indo-Pacific Ocean and the Atlantic, which might have exploited dispersal passages 

and opportunities across geological time scales. For instance, the Cape of Good Hope in South 

Africa intermittently allowed westward tropical species colonization from the Western Indian 

Ocean to the Atlantic (Briggs & Bowen, 2013). Another association resides in the north, where 
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the presence of modern sponge species pairs/assemblages in the Arctic and the adjacent regions 

indicate faunal connections, that have might been evolved from the Pacific (Morozov et al., 

2021). Furthermore, the Suez Canal's 1869 construction facilitated the entry of Indo-Pacific 

biota into the Mediterranean, with reports of sponges originating from the Red Sea dated as 

early as 1936 (Galil & Zenetos, 2002; Tsurnamal, 1969). The clustering results further put the 

Southern Ocean in a single cluster and with notable endemism. This observation aligns with 

prior studies that consider the Antarctic demosponge biome a single distinct fauna (Downey et 

al., 2012). The Polar front, linked with the Antarctic Circumpolar Current, serves as a dispersal 

barrier both to and from other regions of lower Southern latitudes (Griffiths et al., 2009; 

Downey et al., 2012). However, despite this barrier, it is worth noting that faunal associations 

exist between Antarctic and South America both in different taxa, such as bivalves (Griffiths et 

al., 2009) and also sponges (Downey et al., 2012). The third cluster showed stronger 

biogeographic affinities of Temperate South America with Eastern Tropic Pacific. In a broader 

context of the ETP fauna, it has been observed that affinities vary among taxa, with some out 

of the well-studied, like fishes, showing strong connections to the Indo-Pacific, but this can be 

taxa-dependent (Cortés et al., 2017).  Nevertheless, research on ETP sponge distribution is 

scarce, preventing from revealing any biogeographic affinities of the resident sponges (Vega et 

al., 2012).  

While our models exhibit high performance, it is essential to address some inherent limitations 

of our methods. Generally, there is likely an uneven research effort, considering the research 

hotspot of the North Atlantic Ocean (Melo-Merino et al., 2020). In particular for the phylum 

Porifera, the Temperate Northern Atlantic dominates literature (40% of collected studies; Bell 

et al., 2015). Such an imbalance could potentially affect global biodiversity estimates. 

Furthermore, errors in taxonomic classification of sponges can also impair results. Sponge 

diversity has been greatly underestimated (Knowlton, 2000; Wörheide et al., 2005), since 

previously misidentified cryptic species are now being discovered using genetic markers (Uriz 

& Turon, 2012). Such a case is Cliona celata, which is considered a cosmopolitan species, but 

a study showed that it constitutes a species complex comprised of at least four morphologically 

indistinct species with more restricted distributions (Xavier et al., 2010). Additionally, while 

abiotic factors play a crucial role in determining sponge presence, ecological interactions can 

further enhance or restrict the impact of these factors (Wulff, 2012). Gaps in this type of 

information together with factors such as substrate habitat on a global level, which has been 

found to be of major importance (Barnes & Bell, 2002) could help us improve our models. 
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To our knowledge, this research provides the first estimate of demosponge marine biodiversity 

on a global scale, on the basis of Species Distribution Modelling. After negotiating and 

developing the post-2020 global biodiversity framework, parties to the Convention on 

Biological Diversity have now set up goals and targets for positive biodiversity change up to 

2030. Given the diverse ecological roles of sponges in marine ecosystems, our estimates serve 

now as a baseline to meet such conservation and management goals (Sofaer et al., 2019). Our 

results can guide prospective sampling surveys in a cost-effective way to avoid mismatch 

between biodiversity and conservation spending (Halpern et al., 2006). Areas of high diversity 

should take precedence. Moreover, regions with estimated thriving populations but limited 

research, such as the South Gulf of Mexico require special emphasis (Ugalde et al., 2015). 

Additionally, areas with insufficient data like the Eastern Tropical Atlantic or zones which 

exhibit high endemicity levels such as the Southern Ocean, also demand focused attention (Bell 

et al., 2020). Demosponges are essential benthic components of marine environment 

contributing significantly to the health, function and services of marine ecosystems, therefore 

their understanding and protection will benefit ecosystem health and human well-being. 
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Supplementary Material 

 

S1 Estimated minimum, mean and maximum depth per species (provided in a separate excel 

file; Supplementary material, sheet S1) 

S2 Estimated species richness for Marine Realms, Ecoregions and Provinces (provided in a 

separate excel file; Supplementary material, sheet S2) 

S3 Estimated average species number of demosponges in regard to latitude 

 

Figure S3.1. Estimated average species number of sponges in regard to latitude.  

 

 


