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Abstract  

Colombia forms one of the global freshwater biodiversity hotspots, home to 1494 freshwater fish 

species. This exceptional fish fauna has, however, rarely been considered when selecting areas for 

biodiversity conservation. This study integrates freshwater fish distributions into a spatial prioritization 

exercise to assess to which extent (i) freshwater biodiversity, using fish as a proxy, is currently 

represented within the existing protected areas, and (ii) if alternative protected area networks may 

have the potential to increase the number of fish species under protection.  

At first all available fish data was collated, resulting in a data base of over 112,535 geographic 

occurrences of 1224 freshwater fishes across Colombia with harmonized nomenclature and revised 

geo-referenced coordinates. 

Based on a digital elevation model at 1 km2 resolution, the stream network was delineated with a 

minimum catchment size of 90 km2 and extracted the corresponding 33,612 sub-catchments that 

served as spatial units within the analyses. In the next step fish occurrence data and environmental 

variables (climate, topography, land cover, hydrology) were aggregated across the sub-catchments and 

an ensemble of species distribution modelling algorithms was employed to project suitable habitat of 

each fish species across the study area.  

Following the principles of systematic conservation planning, integer linear programming was applied 

to delineate a hypothetical protected area network that fulfills minimum, predefined conservation 

targets for each fish species, i.e. maximizing species representativeness and connectivity among river 

catchments, while minimizing the cost of anthropogenic impact, represented by the human footprint 

index and required area for protection. This spatial prioritization was carried out for four different 

conservation targets, set to protect 20 %, 30 %, 40 % and 50 % of each fish species suitable habitats in 

the priority network.  

The projected suitable habitats of freshwater fish show high species richness in the Amazon and 

Orinoco basins while endemic and threatened fish mainly are projected for the Magdalena-Cauca and 

Pacific-Choco region. 

The calculated total area of the hypothetical priority area network is between 279,077 km2 and 

754,400 km2 for the different conservation targets. It represents 12.1 % – 32.6 % of the study area, 

needed for the conservation of 20 % - 50 % of 1224 Colombian freshwater fish species.  Most sub-

catchments are prioritized in the Amazon and Orinoco basins and the least in the Caribbean basins. 

The priority network extents into the neighboring countries of Colombia, signifying the need of 

transboundary cooperation in freshwater conservation. Between 9.2 % to 28.2 % of Colombia’s 

protected areas coincide with the projected priority area network. A sensitivity analysis, locking in the 
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existing protected areas in the spatial prioritization solution, reveals a priority area network 16.3 % to 

34.7 % larger than that of the minimum cost priority network. It indicates that the existing protected 

areas inadequately represent freshwater fish in Colombia. 

Conservation efforts are best focused on the Magdalena-Cauca and Pacific-Choco basins for the 

expansion of protected areas, since the majority of endemic and threatened fish species occurs within 

those basins. This thesis represents a first important step in the integration of freshwater biodiversity 

for spatial area prioritization and can serve as a baseline scenario for future conservation planning 

exercises in Colombia. 
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1. Introduction 

Freshwater biodiversity is dramatically declining on a global scale (Reid et al., 2019). Wetlands are 

being lost three times the rate than forests (Tickner et al., 2020). Freshwater populations decline faster 

than those of terrestrial or marine ecosystems (Reid et al., 2019). Habitat destruction, pollution, 

climate change, invasive species introduction, resource overexploitation all drive this anthropogenic 

induced crisis (Reid et al., 2019). Even though the main causes are known, the negative trend is ongoing 

and urgent measures are required to stop it (Albert et al., 2021). Among these measures protected 

areas are a cornerstone in safeguarding biodiversity (Dinerstein et al., 2017). Scientists, the 

International Convention on Biological Diversity (CBD) and NGOs strongly advocate for the expansion 

of the protected area network worldwide (Dinerstein et al., 2017; CBD, 2021; Deinet et al., 2020). 

However, despite their common application and that freshwater biodiversity belong to the most 

threatened lifeforms from anthropogenic impacts, protected areas in the past have focused 

predominately on the protection of terrestrial or marine biodiversity (Watson et al., 2014). This 

underrepresentation raises the question, how useful current protected areas are in freshwater 

biodiversity conservation and where to possibly emphasize establishing priority areas for conserving 

freshwater biodiversity.   

Prioritizing areas for freshwater conservation are especially important in places of high species richness 

and high rates of endemism, being threatened by human activities, so called biodiversity hotspots 

(Mittermeier et al., 2011). These hotspots combine the occurrence of a high amount of species (species 

richness) with species occurring only in that restricted location (endemism) (Mittermeier et al., 2011). 

The country of Colombia represents such a biodiversity hotspot for freshwater fish species. It contains 

374 endemic freshwater fish species out of a total of 1494 taxonomically described species 

(Donascimiento et al., 2017). Colombia’s freshwater fish diversity is exemplary and acts as a surrogate 

for its freshwater biodiversity (Collen et al., 2014). They too are increasingly subject to threats. 

Overexploitation by food or ornamental fishing, land use changes through deforestation, pollution by 

agriculture, mining or urban centers, damming and river channeling as well as the introduction of 

invasive species are among the major threats to freshwater fish in Colombia (Bezerra et al., 2019; Lasso 

et al., 2020; Palacios-Torres et al., 2018; Portocarrero-Aya & Cowx, 2016; Reis et al., 2016). Moreover, 

future climate change will increase its impact on freshwater ecosystems in Colombia (Tognelli et al., 

2018). Despite the rich fish fauna and imminent threats, there is only limited knowledge on the spatial 

distribution patterns of freshwater fish biodiversity on a national scale in Colombia (Barletta et al., 

2010; Lasso et al., 2016; Portocarrero-Aya & Cowx, 2016; Urbano-Bonilla et al., 2018). This lack of 

knowledge impedes the use of systematic conservation planning. It is, however, crucial to understand 
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where, what type of biodiversity occurs to analyze the effectiveness of areas established to protect 

biodiversity.  

The most widely applied method/paradigm to delineate priority areas, which represent certain habitat 

or species features, is systematic conservation planning (SCP) (Domisch et al., 2019). SCP aims at 

finding the optimal solution of a spatial area network in a most cost-effective manner to achieve the 

long-term persistence of that habitat or species (Margules & Pressey, 2000). Through a complementary 

approach, it identifies the set of areas at minimum costs to achieve predefined conservation targets, 

the so-called priority areas. It calculates the biodiversity gain of part of the area (planning unit) to the 

conservation goal when added to an existing set of priority areas (Hermoso et al., 2011). This procedure 

is carried out for the entire area in an iterative manner to find the minimum cost solution for achieving 

a predefined conservation target.  

This is based on the biodiversity value of each planning unit. In an ideal world this information would 

be available to easily distinguish the area’s best suitable for conservation (Dolezsai et al., 2015). In the 

real world however, our understanding about species distribution patterns is still often incomplete for 

many regions and species (Domisch et al., 2019). This is also the case on the national level of Colombia 

with unknown spatial ranges of many fish species across Colombia (Bogotá-Gregory et al., 2020; 

Portocarrero-Aya & Cowx, 2016; Urbano-Bonilla et al., 2018). To bridge this gap, while making 

informative decisions in spatial area prioritization, this study employs species distribution models. This 

approach combines spatially explicit environmental and socio-economic factors to delineate priority 

areas in Colombia. On the national scale this integration of freshwater biodiversity, considering 

environmental and socio-economic elements, has not been done before and is at the forefront of 

systematic conservation planning (Kullberg & Moilanen, 2014; Linke et al., 2019). Henceforth, the 

study is set to bridge this research gap by answering the following research question. 

1.1 Research question 

How does the inclusion of freshwater fish biodiversity in systematic conservation planning, here using 

fish as a surrogate, impact the priority area selection across Colombia? 

In order to answer this question, the following sub-questions will be addressed: 

a)  What are the spatial distributional patterns of Colombian freshwater fish based on 

their corresponding environmental suitability ranges in Colombia?  

b) Where would priority areas be located to achieve specific conservation targets? 

c)  How do the priority areas differ from the existing protected area network in Colombia? 
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1.2 Research purpose 

The purpose of the thesis will be twofold. On the one hand the study will be of academic value by 

bridging the above described research gap and applying freshwater fish species for area prioritization 

in this underrepresented study area of Colombia. On the other hand, it will also be of practical value 

e.g. for decision makers and/or nature conservationists in Colombia by illustrating areas of high priority 

for the conservation of freshwater biodiversity in this region. This could help implementing systematic 

conservation planning into practice and can serve as a useful starting point for future stakeholder 

engagement. In a larger context such broad scale analysis support the development of national 

conservation strategies, for example called for the upcoming International Convention on Biological 

Diversity this year and discuss new targets on expanding protected area networks (Dinerstein et al., 

2017; Kullberg & Moilanen, 2014). With the ongoing decline of freshwater biodiversity this study 

presents a humble contribution in reversing this trend. 
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2. Background information  

The following background information sets the broad methodological frame and facilitates the 

understanding on biodiversity features within the study area and key concepts of species distribution 

models (SDM) and systematic conservation planning. 

2.1 Biogeography & freshwater fish biodiversity of Colombia  

Colombia is situated in the Neotropics which contains the highest freshwater fish biodiversity in the 

world (Antonelli et al., 2018; Reis et al., 2016). The Neotropics span over a vast area from meso America 

down until the southern parts of South America of Patagonia (Antonelli et al., 2018).  

Compared to the entirety of the Neotropics the size of Colombia is relatively small with 1,145,033 km2 

(Protected Planet, 2021). Yet, of the described 6200 known neotropical freshwater fish species, around 

24 % (or 1494) are found in Colombia (Albert et al., 2020; Donascimiento et al., 2017). Moreover, 

Colombia shows a high rate of endemism of 374 endemic species (Donascimiento et al., 2017).  

A reason for this high species richness and endemism rate lies in the unique biogeographic location of 

Colombia (Albert et al., 2020). It is situated in the north west periphery of South America between the 

Pacific Ocean to the west and the Caribbean Sea in the North. The climate varies due to large elevation 

differences from the tropical humid lowlands to the Andean mountains which stretch across three 

mountain ranges through the country in north-south direction (Murcia et al., 2013). These topological 

characteristics in combination with a humid tropical climate create a mosaic of different freshwater 

habitats (Tognelli et al., 2018).  

Colombia is dominated by three large river basins of the Amazon, Orinoco and Magdalena-Cauca rivers 

and several smaller coastal ones which are summarized due to their similar biogeographic 

characteristics and proximity to Pacific-Choco and the Caribbean river basins (Reis et al., 2016). 

Amazon basin  

The Amazon basin is the world’s largest river basin by sheer catchment size and water discharge with 

206 000 m3/s water draining on average into the Atlantic Ocean (Venticinque et al., 2016). It also 

possesses the largest known diversity of freshwater fish species (around 2257 species) occupying a 

diverse set of ecosystems (Oberdorff et al., 2019). Colombia is the fourth largest contributor per area 

and the third by water discharge to the Amazon basin (Henao et al., 2020). It is mainly situated 

upstream to the main stem of the Amazon river, covered by tropical rainforest (Henao et al., 2020). 

Additionally, to its general importance to the river basin being located upstream, the Andean mountain 

ranges are important spawning habitats. For example, some catfish species of the genera 
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Brachyplatystoma migrate over 3000 – 4000 km from the Amazon estuary to those headwater 

tributaries (Reis et al., 2016).  

Orinoco basin 

The Orinoco river basin constitutes the second largest one by annual water discharge in South America 

and third in the world (Lasso et al., 2016). The basin stretches over Venezuela and Colombia. Colombia 

covers around 35 % of the total basin area of the 212 000 km2 (Lasso et al., 2016). It comprises the 

main tributary rivers arising from the eastern Andean mountain range of Colombia. The actual Orinoco 

river constitutes part of the eastern border to Venezuela. Around 1000 fish species have been 

described to occur in the basin from which it shares a majority with the Amazon basin (Reis et al., 

2016).  

Magdalena – Cauca basin 

The Magdalena basin is the most important basin within the administrative borders of Colombia 

covering around 271 000 km2 or 24 % of Colombia (Nardini et al., 2020). It is solely inside Colombia 

and arises from two large streams the Cauca and the Magdalena river. Both streams separate the 

Andean mountain range with their respective valleys into three ranges. The name Magdalena-Cauca 

basin stems from the fact that the Cauca river is of similar size to the Magdalena river and flows into it 

only relatively near the estuary of the Magdalena river. Over 70 % of Colombia’s population lives within 

the Magdalena-Cauca basin and depend on its various ecosystem services (Nardini et al., 2020). For 

instance, most of the inland fishery in Colombia takes place in the Magdalena – Cauca basin (Galvis & 

Mojica, 2007).  

Pacific-Choco basins  

The Pacific – Choco is a biodiversity hotspot for many taxa including its ichthyofauna (Mittermeier et 

al., 2011). It consists of a number of smaller river basins which drain from the western Andean 

mountains. All rivers except the Atrato, which flows into the Atlantic Ocean, discharge into the Pacific 

Ocean (Palacios-Torres et al., 2018). The area is characterized by very high annual rainfall and many 

small streams with high elevation gradients (Reis et al., 2016).  The species richness is compared to the 

larger river basins lower with around 222 species, yet 71 % of the fish species are endemic to the 

Pacific-Choco region (Reis et al., 2016; Sánchez Garcés, 2017).  

Caribbean basins 

The Caribbean basins consist of small river basins situated between the Magdalena-Cauca and Orinoco 

basins. Its waters discharge into the Caribbean Sea part of the Atlantic Ocean to the north of Colombia 
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(Reis et al., 2016). Around 300 species are reported to occur in the basin complex (Reis et al., 2016). 

From its area size it is the smallest macro basin complex within Colombia.  

2.2 Systematic conservation planning framework 

The underlying theory applied in the study is derived from systematic conservation planning. In a 

broader context systematic conservation planning arose to counteract the ongoing decline of 

biodiversity with a structured, transparent, and reproducible framework that efficiently implements 

conservation actions (Margules & Pressey, 2000).  

(Margules & Pressey, 2000) first conceptualized an operational model of SCP to consist of six stages: 

1. Compile data on the biodiversity of the planning region 

2. Identify conservation goals for the planning region 

3. Review existing conservation areas  

4. Select additional conservation areas 

5. Implement conservation actions 

6. Maintain the required values of conservation areas 

The first four stages are concerned with the spatial prioritization to answer the question where to best 

conserve biodiversity. The focus of this study is set on these first four stages. The stages five and six 

target the implementation and monitoring of conservation actions. Since this first conceptualization 

studies have expanded on the framework to include the identification of planning units and the 

application of adequate socio-biological models (Sarkar & Illoldi-Rangel, 2010).  

A complete SCP framework is a long-term project that involves the participation of many stakeholders 

(Ribeiro & Atadeu, 2019). Moreover, the stepwise character of SCP is not a rigid structure. It allows 

and often requires, e.g. in the light of new knowledge or application of new technologies to iterate and 

adapt different stages (Kukkala & Moilanen, 2013). Spatial conservation prioritization is therefore 

often applied as a one-off project to initiate the SCP process in the light of limited resources (Kukkala 

& Moilanen, 2013). 
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2.3 Concepts of spatial prioritization 

The spatial prioritization has been applied for various taxonomic groups and ecosystems in the 

terrestrial, marine, and freshwater realm (Ribeiro & Atadeu, 2019). This flexibility is based on 

underlying normative concepts which are then adapted to the specific field of application.  

These concepts are adequacy, comprehensiveness, representativeness, efficiency, threat and 

vulnerability and irreplaceability (Kukkala & Moilanen, 2013). This is not an exhaustive list of concepts 

in SCP. It rather reflects those relevant to the spatial prioritization process applied to the realm of 

freshwater conservation (Linke et al., 2010).  

Adequacy 

The concept of adequacy describes to what extent the selected areas sustain the biodiversity features 

over long time periods. In other words, it addresses the question where and what size of areas are 

sufficient to allow ecological and evolutionary processes to take place, necessary for a species long 

term persistence (Margules & Pressey, 2000). This depends on a variety of complex factors such as 

species biological traits, habitat resilience or socio-economic developments (Kukkala & Moilanen, 

2013). Nevertheless, even in lack of such extensive knowledge it is still possible to delineate priority 

areas based on a precautionary approach and best available knowledge. This includes the focus on 

structurally connected networks of intact habitats and integrating socio-economic factors into the 

spatial prioritization process (Linke et al., 2019). Connected area networks provide buffer to negative 

impacts on single areas and allow for migration of species and gene transfer for viable populations 

(Hermoso et al., 2015). This in turn reduces the extinction risks. Socio-economic factors are important 

to consider in the delineation process since they constitute potential major impacts on biodiversity 

and decide about the success of conservation efforts (Linke et al., 2019; Reid et al., 2019).  

Representativeness 

Representativeness quantifies and operationalizes the concept of adequacy by setting a target value. 

In other words, it addresses to what extent a species is represented within priority areas (Linke et al., 

2010). Different goals exist in the scientific community and international bodies about the required 

minimum targets for biodiversity conservation. The CBD set in the Aichi targets that 17 % of each 

participatory country’s land area needs to be under some form of protection (CBD, 2010). Scientists 

have debated the adequacy of this number. Considering the global biodiversity decline and pressure 

on natural systems they argued that at least half of each eco-region needs to be protected (Dinerstein 

et al., 2017). This would also present a buffer for understudied species and regions for which it is 

unknown to set a minimum required target (Dinerstein et al., 2017).       
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Comprehensiveness  

Comprehensiveness describes to what extent the full range of biodiversity is reflected in the 

conservation areas (Possingham et al., 2006). In a philosophical sense all organisms have an intrinsic 

value to them beyond any human use or comprehension. From this value derives the right for any 

species to be able to fulfill its lifecycle in an intact habitat. Therefore, the focus of spatial prioritization 

ought to be on a variety of species and habitats or at least on surrogates which encompass the largest 

variety (Wilson et al., 2011). This principle seems to contradict the efficient use of limited resources 

targeting primely threatened or the most vulnerable, yet it possesses practical benefits. It is an 

insurance policy to our incomplete knowledge and future developments. Organisms with currently no 

apparent human use might prove to become valuable to us in the future. For example, medical 

advances reveal time and time again novel applications of before disregarded species. The same holds 

true for species currently not threatened which might become so in future. For instance, climate 

change will intensify its impact in the future altering ecosystems and species survival (Tognelli et al., 

2018).  

Efficiency 

Efficiency is a key concept in spatial prioritization to optimally use the limited resources to achieve 

conservation goals. It is embodied in the complementary approach that analyzes the gain in 

representativeness of the target feature when adding an area to an existing priority area network 

(Hermoso et al., 2011). Mathematical algorithms such as integer linear programming (ILP) find the 

optimal amount of areas needed that is the amount with the lowest possible costs that cover the target 

feature (Domisch et al., 2019). ILP does this by minimizing an objective function which is subject to 

constraints and conditions on the decision variable and consisting of integer (Beyer et al., 2016). 

Solving this minimum cost problem allows for the most efficient allocation of resources. Costs can 

include various socio-economic factors, e.g. direct monetary values to buy land or surrogate values 

such as opportunity costs or anthropogenic impacts (Ribeiro & Atadeu, 2019). 

Threat and vulnerability 

To effectively apply limited resources, conservation efforts often are directed to species which have a 

higher need for protection. Threatened and vulnerable species or habitats fall into this category. In 

case of threatened species, a direct or indirect anthropogenic driver negatively impacts their survival. 

Several such drivers exist, among others, pollution, habitat destruction, resource overexploitation or 

indirectly by invasive species (Albert et al., 2021; Reid et al., 2019). The concept of vulnerability is 

complementary to that of threats (Kukkala & Moilanen, 2013). It indicates the potential of a species or 

habitat to withstand a negative impact. For example, endemic species that are geographically confined 
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to a certain area are considered more vulnerable to stressors acting on that region than species with 

a wide distribution range (Mittermeier et al., 2011). This elevated direct or potential extinction risk of 

threatened and endemic species made them a primary focus of conservation efforts (Mittermeier et 

al., 2011). 

Irreplaceability  

Irreplaceability in the context of spatial prioritization considers the fact that not all planning units are 

equally important within the area network to achieve the most efficient solution (Possingham et al., 

2006). Quantitative and qualitative assessments exist to detect whether an area is irreplaceable or can 

be substituted by another without substantially increasing the costs to achieve the conservation 

objective. Quantitative measures either apply statistical analysis or are a combination of multiple 

spatial prioritization runs, categorizing the planning units depending on the amount they occur in the 

different runs (Kukkala & Moilanen, 2013). The more often they occur in different runs the higher its 

irreplaceability to the conservation success. Qualitative distinction of irreplaceability considers 

focusing conservation efforts on biodiversity feature which have a higher urgency to be protected, e.g. 

depending on the threat and vulnerability status as described in the previous section (Linke et al., 

2007). In this sense the higher the vulnerability and threat to the target feature in planning unit the 

more they are irreplaceable to the overall area network. 

2.4 Spatial prioritization of freshwater biodiversity  

The application of spatial prioritization adds layers of complexity to the initially for terrestrial systems 

developed SCP (Hermoso et al., 2011). Freshwater systems contain unique characteristics compared 

to terrestrial or marine systems. These hydromorphological characteristics, i.e. that streams are 

connected within a network and influenced by their wider river catchment area, form an integral part 

of freshwater systems. Moreover, the spatial dependency of stream connectivity and river catchments 

influence all ecological processes as well as socio-economic ones (Linke et al., 2019). 

Spatial prioritization has started to account for connectiveness and catchment level scales to delineate 

more realistic priority areas for freshwater conservation (Domisch et al., 2019; Linke et al., 2019). 

Streams are connected with each other longitudinally, laterally, and vertically to ground water (Linke 

et al., 2019). On larger spatial scales the longitudinal connection, constituting the stream network, 

especially influences species distributional patterns. It propagates the dispersal of species and at the 

same time spatially limits it by the up- or downstream direction. 

For instance, fish cannot easily migrate between separated, non-connected stream networks. They are 

bound by longitudinal movement (Albert & Carvalho, 2011). This limits their accessibility to stream 

networks outside of those they are already occurring in. Even in the case that another stream network 
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possesses habitats suitable for their survival. Since all streams eventually end in the ocean it represents 

a spatial boundary for the majority of freshwater fish. Integrating stream connectivity into the spatial 

area prioritization therefore, accounts for the movement of fish and their accessibility to freshwater 

ecosystems (Domisch et al., 2015).  

Streams and lakes and subsequently freshwater biodiversity is, however, also affected by a wider area 

which needs to be considered in spatial prioritization for freshwater conservation: the catchment area.  

Topographically, catchments constitute the area in which water drains to a particular point along a 

channel network or depression depending on the surface topography (Wagener et al., 2007). This 

creates natural landscape units with identifiable hydrological characteristics (Wagener et al., 2007). 

On the largest scale all streams in a network that discharges into the ocean belong to one catchment 

area. These also called macro basins can however also be sub-divided into smaller units. In each unit 

all water too flows to one single water outlet. 

In comparison to river networks (=lines), catchments possess the advantage that (i) they include the 

surrounding terrestrial area impacting the river network and freshwater habitats, (ii) environmental 

data are more readily available at the larger spatial scale of catchments and (iii) freshwater 

conservation measures are targeted increasingly at the catchment level (Markovic et al., 2019; van 

Rees et al., 2020).  

The area of a catchment forms an integral part of the structure of freshwater ecosystems, i.e. through 

their influence on the energy, water, and substance fluxes (Wagener et al., 2007). Hence, the 

topography, climate and landcover factors even distant to streams impact the hydrology of a 

catchment. The same is true for anthropogenic impacts which too can be situated distant to the actual 

stream network and still heavily influence them (Reis et al., 2017). Therefore, environmental, and 

anthropogenic data, aggregated on the catchment scale, portrait a more holistic picture of factors 

important to distinguish freshwater ecosystems (Schmidt et al). This distinction is a vital step in 

correlating species data with environmental data in the modelling process. Environmental data are 

more readily and consistently available at larger spatial resolutions and hence are more applicable for 

broad scale analysis (Schmidt et al., 2020).  

Another key aspect of focusing on catchments, is their already wide application in freshwater 

conservation management (Markovic et al., 2019). They form a connection between land and water. 

Freshwater conservation efforts therefore routinely focus at the catchment level to achieve long term, 

sustainable management plans (Nel et al., 2009; van Rees et al., 2020). This fact is reflected among 

others in large scale freshwater conservation frameworks such as proposed by van Rees et al. (2020), 

Safeguarding freshwater life beyond 2020: Recommendations for the new global biodiversity 
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framework from the European experience in which the catchment scale is essential for the 

conservation and management of freshwater ecosystems.  

Due to these benefits catchments are suitable to serve as modelling and planning units in freshwater 

SCP (Friedrichs-Manthey et al., 2020). Accounting for stream connectivity and catchment area results 

in more accurate and robust spatial area prioritization in freshwater systems (Domisch et al., 2019). 

2.5 Species distribution modelling 

Species distribution models help to evaluate the dispersal of species in space and time (Elith & 

Leathwick, 2009). In general terms they are used as a heuristic to simplify, either qualitatively or 

quantitively, complex ecological relationships. A common approach are correlative models, which 

compare, with the help of statistical learning methods, environmental factors at known species 

occurrences with the environmental conditions of a wider study region of unknown species 

distribution (Elith & Franklin, 2013). In recent years this led to a variety of applications in ecological 

studies. Among others, common usages are the modelling of current or past species distribution 

ranges, population dynamics, climate change impact analysis or as the purpose in this study for 

conservation planning (Melo-Merino et al., 2020; Domisch et al., 2019; Peterson et al., 2011).  

In recent years more and more spatially explicit environmental and species data sets have become 

available in publicly accessible data sources (Melo-Merino et al., 2020). Species data typically consist 

of presence records which need to be georeferenced to a spatially explicit point location, i.e. through 

coordinates. Regarding environmental data, large scale information on various abiotic factors such as 

climate, land cover or topology have been applied to model species distribution patterns as reviewed 

by (Melo-Merino et al., 2020). They are used as environmental predictors that is the value correlated 

at the known species occurrence with those environmental values at unknown species occurrences.  

Presence only records in combination with abiotic factors enable SDMs to model the realized niche of 

potential suitable habitat. Species occurrence data are obtained from the real world that is from a 

species habitat in which it is assumed that it is suitable for its persistence given the present abiotic and 

biotic circumstances and which are accessible to it over time (Peterson & Soberón, 2012). This is 

described to be the realized niche of a species (Peterson & Soberón, 2012). When no other information 

is used in the SDM than abiotic ones, then it only provides information about the potential realized 

niche, since it remains unknown if a) the biotic parameters are suitable for its survival and b) if it has 

accessibility to the habitat (Soberon, 2007). To increase the robustness and accuracy of SDMs in 

freshwater ecosystems, advances have been made to integrate the movement and connectivity of 

species into the modelling process (Domisch et al., 2019).   
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In conservation planning the SDM serves the role of generating continuous information on species 

spatial distributions throughout the study area (Bini et al., 2006; Domisch et al., 2019). For this 

purpose, it is important to cover the full environmental range of each species (Elith & Leathwick, 2009). 

The full environmental range is required to accurately interpolate the data with those of the study area 

and thus to receive the species full habitat range (Franklin, 2013). In order to reduce uncertainties and 

errors in the sampling data it is therefore essential to check the input data for sampling biases and 

spatial autocorrelation.  

2.5.1 Sampling biases & spatial autocorrelation 

Sampling biases in occurrence data can appear among other through an increased visit of (i.e. easily 

accessible) sites or an increased sampling chance of the same species e.g. using a particular sampling 

method or gear (Melo-Merino et al., 2020). It leads to species being found more frequently in one 

location which would be reflected by a large amount of occurrence points.  

This high number of occurrence data could skew the SDM towards the environmental conditions of 

those locations, if the total number of occurrence points is used in the SDM (Melo-Merino et al., 2020). 

The result would be overly high habitat suitability for such sites since the model would have a higher 

likelihood to select those occurrence points in the model. 

Spatial auto correlation describes the phenomenon when environmental factors in close proximity are 

not independent of each other (Elith & Leathwick, 2009). In the case of environmental data, the use of 

such highly correlated factors as predictor variables that is the variable the model uses to distinguish 

between habitat suitability, reduces the explanatory power of the model. Since it makes it impossible 

to distinguish the influence between the environmental predictors on a species distribution (Dormann 

et al., 2007). Spatial autocorrelation also occurs for species data which for example can be affected by 

errors such as the misidentification of species with ones found in its vicinity or wrongly assigned 

geolocations (Elith & Leathwick, 2009).  

Data aggregation counteracts sampling biases and spatial autocorrelation. The data aggregation 

towards the modelling unit serves as a spatial filter. For instance, units with low number of occurrence 

point data and thus their environmental parameters have an equal weight than those with a high 

number. Thus, it limits the potential sampling bias. (Boria et al., 2014) have shown that such kind of 

spatial filter increase overall model accuracy and robustness, since potential underrepresented 

habitats are elevated in the model process. Further data aggregation buffers occurrence points with 

slightly inaccurate coordinates.  
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However, aggregating point information to larger spatial objects faces the problem of the modifiable 

area unit problem which too needs to be accounted for in spatially explicit SDMs (Friedrichs-Manthey 

et al., 2020). 

The MAUP arises when continuous or point data are aggregated to artificial spatial units (Friedrichs-

Manthey et al., 2020; Moat et al., 2018). The same set of e.g. environmental data aggregated to 

different spatial units can produce different statistical results. This can lead to inaccurate or erroneous 

model outcomes depending on the shape and size of the spatial units. For instance, (Friedrichs-

Manthey et al., 2020) identified the effects of the MAUP in a species distribution model of freshwater 

fish in the Danube catchment. They observed that the predicted spatial extent of suitable habitat is 

contingent on the spatial resolution of the model. Coarser resolutions lead to a filter effect in which 

unsuitable habitat is masked within the larger spatial units. Further the selection of environmental 

predicators differed between model runs, where topological climatic and hydrological predictors were 

favored in coarser, intermediate, and finer spatial resolution respectively.  

2.5.2 Model algorithm – ensemble modelling  

There is no one fits all model algorithm to be used in SDMs (Norberg et al., 2019). Instead the SDM 

needs to suit the research question based on the available data, scale, biological knowledge as well as 

technical capabilities at hand (Elith & Leathwick, 2009; Peterson et al., 2011).  

In the context of multiple species SDMs, which include species occupying different spatial scales from 

narrow specialists to generalists species with large spatial ranges, ensemble modelling have shown to 

provide robust model outputs while limiting the resource intensive search for the best model algorithm 

for each species (Araújo & New, 2007). Ensemble models apply multiple algorithms to model species 

distribution patterns and combine the model outputs i.e. through a weighting mechanism (Thuiller et 

al., 2009). With this procedure they apply the best model algorithm for each species without 

disregarding the model outputs of other models completely (Friedrichs-Manthey et al., 2020). 

It counterbalances the model to overfit the projections by keeping the variability of multiple 

algorithms. Model overfitting presents the challenge when a model performs very well on the training 

data, yet its performance is poorly with test data (Merckx et al., 2011). 

Several different types of model algorithms have been applied in ensemble SDMs, from machine-

learning algorithms such as MaxEnt, artificial neural networks or different types of regression analysis 

(Elith et al., 2011; Friedrichs-Manthey et al., 2020). The differences in statistical approaches are 

combined in the ensemble and the ones that perform the best produce a probabilistic likelihood of 

habitat suitability for each species. 
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Ideally model performance is tested with the use of independent validation data and on the ground 

field work (Elith & Leathwick, 2009). In case that no independent validation data are available the most 

common validation method is cross-validation by randomly dividing the sample data set in training and 

test data (Melo-Merino et al., 2020). Different evaluation metrices exist to validate model performance 

such as area under the receiver operating characteristic curve (ROC) and true skill statistic (TSS).     

ROC tests whether the model is able to correctly distinguish between the presence or absence of a 

species. It is calculated by plotting the sensitivity (true positives/true positives – false positives), against 

the 1- specificity (true negatives/true negatives – false negatives) (Pearson, 2010). The area under this 

curve represents the ROC score and tells how good a model performance compared to random 

prediction (Pearson, 2010).  

The TSS is also uses the sensitivity and specificity for model evaluation. It calculates sensitivity + 

specificity – 1 and has shown its usefulness in SDMs to evaluate model performance (Allouche et al., 

2006; Friedrichs-Manthey et al., 2020). 
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3. Methodology 

The methodology of the thesis consists of three parts (see Figure 1). First a species distribution model 

is built to model the potential suitable habitat of freshwater fish species in the study region. The output 

then serves as input for the spatial area prioritization using integer linear programming with a 

minimum cost objective. Finally, in part three the priority areas are compared to the existing protected 

area network in Colombia.  

 

Figure 1: Conceptual Framework (own illustration) 

In the following paragraph the conceptual model will be presented in more detail. At first the extent 

of the study area will be described, followed by the fish and environmental data that feed into the 

species distribution model and lastly the spatial area prioritization with the overlap of the current 

protected area network of Colombia. It uses R and GRASS GIS applications for data processing. All 

applied R packages and a link to the used R scripts are provided in the appendix. 

3.1 Study area spatial boundaries 

While the focus of the study area lies within the administrative borders of Colombia, I chose a larger 

spatial domain for the models and analyses. The reason is that (i) catchments are not cut off along 

political borders, (ii) a higher number of species data (from the connected macro basins) are included 

into the modelling process and (iii) thus a potential larger environmental range is depicted for the 

species. All reasons increase model robustness and accuracy. 

The catchments of Colombian rivers include areas of neighboring countries (see Figure 2). For example, 

the two biggest river catchments of the study area, the Amazon (light green) and Orinoco rivers 

(purple) hydrologically connect Colombia with Brazil, Venezuela, Ecuador, and Peru. This means that 

their sub-catchments too cross national borders, following the pattern of their macro catchments. The 
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larger extent of the spatial domain prevents the arbitrary division of sub-catchments. In this way the 

entire environmental conditions of all sub-catchments, also at the border, are considered in the SDM.   

 

Figure 2: Study Area: the red line shows the extent of the study area; the outer black line shows the 

extent of the model domain; black lines in the model domain show administrative borders; grey color 

gradient show elevation in meter; underlying colors represent the hydrological macro basins (own 

illustration based on r.stream.basin (GRASS Development Team, 2021) and conceptually on Reis et al. 

(2016) 

A larger spatial domain is also beneficial to the area prioritization. It allows the selection of sub-

catchments in neighboring countries to find the lowest cost solution. Again, also priority areas are not 

cutoff at the border region. This is a more realistic projection since fish can too cross national border 

streams (Dolezsai et al., 2015). Moreover, a larger model domain will result in a higher number of 

presence data of all non-endemic Colombian fish species. This allows to integrate data of species which 

are underrepresented in the species sample of Colombia. This enhances the likelihood to capture the 

full environmental range of habitats of species (Friedrichs-Manthey et al., 2020). Hence incorporating 

species data from a larger model domain improves the modelling of suitable habitat within Colombia. 

The reason why not an even larger model domain is chosen e.g. the inclusion of the entire Amazon 

catchment or the entirety of the neo tropics, is due to computational limitations.  
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3.1.1 Sub-catchment delineation  

I use the function r.watershed in GRASS GIS to delineate the sub-catchments within the study area 

(GRASS Development Team, 2021). Based on the publicly available 1km2 global multi-resolution terrain 

elevation data (GMTED)- digital elevation model the function r.watershed calculates the drainage 

direction, flow accumulation and stream network of each 1 km grid cell (Amatulli et al., 2018). The 

threshold of 90 is set in r.watershed to delineate the smallest possible catchment. It means that a 

catchment needs at least 90 upstream grid cells to initiate a headwater stream into the same stream 

outlet (GRASS Development Team, 2021). The smallest possible sub-catchment is therefore defined at 

90 km2. I chose this as the smallest threshold for the functions to still be able to function and delineate 

sub-catchments due to the high computational needs for the size of the study area. I chose the smallest 

threshold to limit the modifiable area unit problem (MAUP).  

The outputs of r.watershed feed into the function r.stream.basin which delineates the sub-catchments 

of the study area (GRASS Development Team, 2021). Each sub-catchment receives a unique ID for 

identification. The macro basins of the study area are delineated in the same way using r.stream.basin 

and the flag -l which aggregates all sub-catchments draining into the last one downstream. Here too, 

a unique ID is assigned to each macro basin (GRASS Development Team, 2021). Smaller final basins are 

aggregated based on their ID to the Pacific-Choco in the West and to the Caribbean region in the North 

(see Figure 2). 

The model domain contains 33612 sub-catchments of which 20530 fall in the Amazon basin, 7186 in 

the Orinoco, 2064 in the Magdalen-Cauca, 2544 in the Pacific-Choco and 1286 in the Caribbean basin. 

The study area contains 15645 sub-catchments.  

The sub-catchments are allocated as follows, 6474 Amazon basin, 4493 Orinoco basin, 2064 

Magdalena-Cauca, 1634 Pacific-Choco basins and 980 in the Caribbean basins. The sub-catchments of 

Colombia, including those which are intersected by the Colombian border, amount to 7894 sub-

catchments. 
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3.1.2 Stream connectivity and distance calculations 

A key aspect of the study is to account for the spatial dependence of freshwater ecosystems via the 

stream connectivity between sub-catchments.  

 

Figure 3: The stream network delineated for this study: the blue color gradient depicts streams after 

their Strahler stream order; underlying colors show macro basins (own illustration) 

I do this for the SDM by calculating the distance a fish can swim within the stream network. The start 

for each measurement begins at the occurrence points of a species. The raster cells of the stream 

network (see Figure 3), obtained from r.watershed, are reclassified in the sub-catchments with an 

occurrence point to indicate the species presence (e.g. 1). All other stream raster cells are reclassified 

to another equal value (e.g. 0). All remaining terrestrial and marine raster cells are set no data (i.e., 

“NA”) and represent areas fish cannot travel through. The function gridDistance then calculates the 

distance starting from the raster cells with the values 1 along all connected cells of value 0 (Hijmans, 

2020). It cannot pass NA raster cells and thus stops at the end of the stream network. In a next step 

the distances are aggregated to the sub-catchments and rescaled to values ranging from 0 to 1. Note 

that the value for the sub-catchments containing occurrence data is 0, since it constitutes the start. 

Therefore, the values are inverted and then multiplied with the model predictions. In this way the 
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habitat suitability of sub-catchments within a stream network with occurrence points is scaled 

proportionally by the distance the sub-catchment is located away from occurrence points.  

The habitat suitability of places close to occurrence data remain unaltered, whereas those far away 

are reduced in their suitability. Furthermore, with this procedure the suitability of adjacent basins and 

thus in another stream network without any occurrence data are set to zero since if the basins are not 

connected with each other.    

For the spatial area prioritization, the stream connection between all sub-catchments is integrated into 

the selection process. In this way each sub-catchment knows with which sub-catchment it is connected 

to (Domisch et al., 2019). The selection can then be made to achieve solutions of sub-catchments which 

are structurally connected with each other. The connection is calculated from the final downstream 

sub-catchment back upstream. The GRASS GIS function r.stream.order provides information of the 

next stream connected to the sub-catchment (GRASS Development Team, 2021). The input data for 

r.stream.order are the drainage, flow accumulation and stream network raster map generated 

previously with r.watershed (see section 3.1.1). The downstream sub-catchment ID and all connected 

upstream sub-catchment IDs are returned in a data frame. This step is then repeated for the next 

higher upstream sub-catchments and so on until there are no higher upstream located catchments 

anymore. Another hydrological variable calculated with r.stream.order is the outlet distance in meter 

for each sub-catchment (GRASS Development Team, 2021). The outlet distances between the sub-

catchments are added to the data frame. For instance, for the final downstream sub-catchment ID and 

the last upstream sub-catchment ID, the outlet distances of all sub-catchments in between are 

summed up together with the outlet distances of those two sub-catchments. For the spatial 

prioritization due to computational restrictions a limit of 200 km distance is set between sub-

catchments ID. 
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3.2 Fish data 

The data is collated from publicly available data bases and one data set based on expert knowledge 

(see Table 1). The data sources are searched for various taxonomic fish classes e.g. Actinopterygii, 

Sarcopterygii, Holocephali and Elasmobranchii to integrate all available groups of freshwater fish 

species.  

Table 1: Name, sources, and date of access of fish occurrence data 

 

The fish data can be subject to several errors e.g. wrong geolocations or misidentification of species 

(Melo-Merino et al., 2020). To reduce the number of errors the data is checked for a valid taxonomic 

species name belonging to a freshwater fish species of Colombia, to possess a sensical year date. 

Further all occurrence data which pass these filters are aggregated to the sub-catchment area of their 

respective geo-location. First species names are validated with the validate function of the R package 

rfishbase (Boettiger et al., 2012). It compares species names to the “fishbase” data set, containing over 

30000 known and taxonomically validated fish species (Boettiger et al., 2012). In a next step the valid 

species names are compared to their type of ecosystems, listed in the ecosystem function of rfishbase 

(Boettiger et al., 2012). Species which inhabit saline environments are excluded from the study. This 

leaves species living in purely freshwater or brackish ecosystems. 

Brackish fish species are kept in the study. They occupy the transitional boundary of freshwater 

ecosystems towards the sea, with often no clear-cut boundary between those two types of ecosystems 

(Basset et al., 2013). Also, since the study area ends at the coastline only brackish fish species found in 

river estuaries or further upstream are included which limits their environmental range to these 

ecosystems in the study. In the end the remaining fish species are compared to a checklist of 

taxonomically described freshwater fish species of Colombia (Donascimiento et al., 2017). This leaves 

a species list of taxonomically described freshwater fish of Colombia which share the same minimum 

quality requirements to be used in the study.  

Fish data are aggregated at the catchment level to reduce sampling biases. At first the raster::extract 

function from the R package raster extracts the sub-catchment ID at the occurrence point location. 

Name Source Date of access 

Global Biodiversity 

Information Facility (GBIF) 

(1): https://doi.org/10.15468/dl.pizntb 

(2): https://doi.org/10.15468/dl.cp6mqt  

05.05.2020 

10.05.2020 

Fishnet2 fishnet2.com 12.05.2020 

Species link network www.splink.org.br 12.05.2020 

Integrated Digitized 

Biocollections (iDigBio)  

iDigBio.org 13.05.2020 

Expert data Fish taxonomists from Colombia  

https://doi.org/10.15468/dl.pizntb
https://doi.org/10.15468/dl.cp6mqt
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Subsequently duplicate records of a single species occurring multiple times in the same sub-catchment 

are removed with the duplicate function. The data are then aggregated with the zonal function from 

the R package applying the mean function. All occurrence point data of a species are aggregated within 

the catchment in which they can be located through their coordinates. The result is a binary scale, 

meaning that a species either occurs in a catchment or not. Therefore, not the total amount of 

occurrence points matters, and a single occurrence point is enough to mark that a species occurs in a 

catchment. It needs to be noted that due to the technical requirements of the SDM to split the data 

into training and testing data that a species needs to occur in at least five sub-catchments.  

Information on the threat status of species is received from the data base of the International Union 

for Conservation of Nature (IUCN) (IUCN, 2021). The search was carried similarly to the fish data 

collation for the classes of fish (e.g. Actinopterygii, Cephalaspidomorphi and Sarcopterygii) and for 

Colombia and its neighboring countries. All species labeled least concerned or data deficient are 

excluded from the list to encompass species with increased level of threats. The remaining list of 

threatened species designated by the IUCN is then compared by species taxonomic name with the list 

of freshwater fish used in the study.  

Endemic species are categorized after the Colombian checklist of freshwater fish (Donascimiento et 

al., 2017) which includes the designation of endemic species. The endemic and threatened species 

represent the threat and vulnerability and irreplaceability concepts of spatial prioritization in the study. 

In the following all analysis concerning threated and endemic species is based on the subset of those 

two species lists described above.  

The collated fish data, which passed all requirements and is used in the SDM, includes presence data 

of 1224 Colombian freshwater fish species and amount to 112,535 geographic occurrence points. They 

comprise 53 families of fish. The year range of the sampling data ranges from the year 1901 until today. 

Most sampled data stem however, from more recent origin with 95.2 % since the 1960s. 56.9 % of the 

data were sampled since the 2000s (see Figure 4). When looking at the country tag of the occurrence 

data assigned by the data sources, it reveals that the 43.2 % of the data are from Colombia and 57.8 % 

originate from the other 4 countries combined (22.6 % Venezuela, 20.7 % Brazil, 10.2 % Peru, 3.3 % 

Ecuador). In total 111,440 single occurrence data points are aggregated across the model domain of 

33612 sub-catchments. This results in 3673 or 11 % sub-catchments within the model domain to 

contain one or more species. Spatially these sub-catchments with the highest number of species are 

situated along the two biggest streams the Amazon and Orinoco rivers or their main tributary rivers 

(see Figure 4). Further those sub-catchments are situated in the vicinity of urban centers such as 

Manaus (Brazil), Leticia (Colombia) or Iquitos (Peru) and in the border region of Venezuela and 

Colombia. It indicates the easier accessibility of such locations, compared for instance to the few other 
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sampled sub-catchments in the Amazonian rain forest region (Amazonas 1390, Orinoco 1154, 

Magdalena 602, Caribbean 189, Pacific 338).  

 

Figure 4: Fish sample data description: a) species richness observed in fish data per sub-catchment; b) 

endemic fish species per sub-catchment; c) year dates of fish data; d) threatened fish species per sub-

catchment (based on sources of table 1) 

There are 224 reported Colombian endemic fish species in the data set and 40 fish species are currently 

enlisted with the status of threatened by the IUCN (IUCN, 2021). Among the threatened fish species 

are one critically endangered, six endangered, 17 vulnerable and 16 near threatened. 29 fish species 

are both endemic and threatened.  

Compared to the species richness found along the two major stream networks of the Amazon and 

Orinoco, the picture changes when looking at fish species endemic to Colombia or currently listed by 

the IUCN as threatened. Those species are almost exclusively found in the sub-catchments along the 

pacific coast or in the Andean region of Colombia.  
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3.3 Environmental data 

Studies on freshwater species distribution modelling have used a variety of topological, climatic, 

landcover and hydrological data for predicting habitat suitability (Hermoso et al., 2011; Domisch et al., 

2015; Melo-Merino et al., 2020). In an ideal setting the environmental variables are chosen regarding 

their impact on a species geographical distribution (Elith & Graham, 2009). This can, however, differ 

between species and extensive ecological knowledge is needed to justify environmental predictor 

choice (Araújo et al., 2019). In this multi-species distribution modelling over a broad spatial scale I, 

therefore, choose a variety of environmental predictors out of the four categories topography, climate, 

landcover and hydrology.  

Climate data is collated from the Chelsa Bioclim data base (Karger et al., 2017). It consists of high-

resolution, worldwide, temperature and precipitation data for the years 1979 - 2013. 

 It includes annual and monthly mean values, annual ranges (seasonality) as well as extremes like min- 

and maxima. It is specifically created for species distribution modelling and related ecological studies 

(Karger et al., 2017).  

Topographical and landcover data are obtained from the publicly available data source of the EarthEnv 

project (Amatulli et al., 2018; Tuanmu & Jetz, 2014). It provides global remote sensing data for 

biodiversity studies. The topographical variables consist of 1 km resolution median elevation and 1 km 

resolution mean slope, roughness, eastness and northness data. Since the importance on freshwater 

fish distribution of elevation (Domisch et al., 2016), the elevation range per sub-catchment is 

calculated from the elevation maxima and minima values of a sub-catchment with the min and max 

base functions in R (maximum – minimum). The tree cover layer is generated by the sum of four tree 

landcover classes evergreen/deciduous needleleaf trees, evergreen broadleaf trees, deciduous 

broadleaf trees, and mixed/other trees. This results in a layer ranging from 0-100 depicting the tree 

cover in a 1 km raster cell. This reduces data volume and still includes the important environmental 

information of tree cover (Arantes et al., 2018). 

All hydrological variables except logarithmic flow are calculated using the GRASS GIS function 

r.stream.order (GRASS Development Team, 2021). It takes the drainage, flow accumulation and stream 

network raster map generated previously with r.watershed (see section 3.1.1) as input variables and 

calculates “Strahler” stream hierarchy (GRASS Development Team, 2021).  

 

 

 



31 
 

The following topological and hydrological variables are calculated with this method: 

•                Strahler's stream order: hierarchical stream order after Strahler 

•                stream length 

•                length of stream as straight line 

•                sinusoid: fractal dimension, stream length divided by straight stream length 

•                cumulative length: length of stream from source 

•                flow accumulation: upstream contributing area 

•                outlet distance: distance of current stream initiation from outlet 

•                source elevation: elevation of stream initiation 

•                outlet elevation: elevation of stream outlet 

•                elevation drop: difference between source elevation and outlet elevation drop at the   

  outlet of the stream 

•                outlet drop: drop at the outlet of the stream 

•                gradient: outlet drop divided length 

The advantage of generating hydrological variables in this way, is that they are based on the same data 

set used to calculate the sub-catchments which reduces model uncertainties (Araújo et al., 2019). This 

means that the hydrological variables fit the underlying spatial modelling units.   

The logarithmic flow consists of the mean flow values of the years 1960 – 2015 (Barbarossa et al., 

2018). Due to the differences in orders of magnitude between the min- and maximum values, a log 

transform is carried out using the log function in R (R Core Team, 2021).  

The environmental data are checked for collinearity to avoid spatial autocorrelation between the 

predictor variables. Using the “cor” function in R base package (R Core Team, 2021), the environmental 

predictors with a correlation coefficient higher than |0.7| are compared pairwise with each other. The 

justifications of why one variable of the pairs is chosen and the other is disregarded are based on their 

different ecological impact on freshwater systems and to reduce computational space if one variable 

is correlated to multiple others.     

Instead of using any precipitation variables, which are highly correlated among themselves, water flow 

is used in the study. Water flow directly represents surface level water, habitat to fish (Hermoso et al., 

2011). Whereas only a part of the water from precipitation ends up as surface level run off, due that 

parts of the water infiltrate the ground or is intercepted by vegetation and subsequently evaporates 

from its surface. Annual temperature is highly correlated to most other temperature variables and to 

many topological variables such as slope, roughness, outlet, and source elevation. It is a surrogate for 

water temperature, for which no exhaustive data is available. Water temperature is one of the most 
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influencing environmental factors determining the spatial distribution of freshwater fish (Domisch et 

al., 2016). Therefore, all variable correlated to annual temperature are excluded from the study. 

Diurnal temperature is chosen over isothermality since the latter is the ratio between annual and 

diurnal temperatures (Karger et al., 2017). For the hydrological values logarithmic flow is used over the 

Strahler value, the flow accumulation over cumulative length and stream length over the length of the 

stream as a straight line. The first to logarithmic flow and flow accumulation are favored again since 

they both provide direct information on the water availability in the streams to describe the freshwater 

habitat.  

The total number of environmental predictors is reduced from 49 to 17 variables (see Table 2). The 

largest number of environmental predictors are hydrological variables since the evolution of 

freshwater species in South America is closely related to the evolution of their respective river basins 

(Reis et al., 2016). Hence, the focus to describe species distribution patterns follows along the 

hydrological differences in their sub-catchments.  

Table 2: Overview of environmental predictors used in the models (based on sources of section 3.3 

environmental data) 

Climatic predictors Land cover predictors Topographic 

predictors 

Hydrological 

predictors 

• annual mean 

temperature 

• diurnal mean 

temperature 

• seasonality mean 

temperature 

• barren vegetation 

• cultivated 

vegetation 

• flooded vegetation 

• urban 

• tree cover 

• elevation range 

• elevation drop 

• gradient 

 

• logarithmic flow  

• stream length 

• sinusoid 

• flow accumulation 

• outlet distance 

• outlet drop 

 

All environmental data are scaled and centered (shifting the mean to 0) using the scale function in R 

and like the species data are aggregated on the sub-catchment level (source). The scaling is necessary 

to avoid that differences in magnitudes of environmental predictors alter the model choice of 

environmental predictors. Environmental data are aggregated by calculating the mean of all values 

within a sub-catchment. This is achieved with the function zonal in the raster package R (Hijmans, 

2020). Therefore, the same spatial scale is guaranteed between all data used in the study. 
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3.4 Species distribution modelling  

The SDM uses the aggregated species and environmental data prepared in the previous section (3.2 

fish data and 3.3 environmental data).  

The SDM is calculated with the biomod2 package in R (Thuiller et al., 2009). Biomod2 uses a weighted 

ensemble of up to ten different algorithms to model habitat suitability. Each algorithm uses a set 

amount of the environmental data extracted from the location of species occurrences as predictor 

variable to train the algorithm by comparing those environmental data to that of randomly generated 

background points. As no absence data is used in the study, these background points function as 

pseudo-absences. They are taken from locations where on the one hand no occurrence data exist but 

on the other it is also unknown whether the species is absent at the location. The number of pseudo 

absences arises between the tradeoff that certain model algorithms perform better with lower and 

others with higher number of background points (Friedrichs-Manthey et al., 2020). For example, a 

compromise can be found with a one third ratio to the total number of planning units. Hence with 

33612 of sub-catchments found in the modeling area 10000 background points are randomly 

generated for each model run. It then tests its capability on correctly distinguishing between suitable 

and unsuitable habitat on the remaining data previously set aside. The data is split between the 

training and testing data at a ratio of 70 % to 30 % respectively. To reduce model uncertainties, each 

model runs ten repetitions and thus produces each time a new set of 70/30 splits of data and 

background points. The mean of the ten runs is then taken for each model and this score will be used 

to weigh the different algorithms based on their TSS score. The SDM is run for each species with four 

algorithms of ten repetitions (1224 x 4 x 10 = 48960 model runs).  

In total four model algorithms, provided in the biomod2 package, are used in the SDM: generalized 

linear model (GLM), random forest, MaxEnt and classification tree analysis (CTA). The models are 

primarily chosen to reflect a variety of modelling approaches as well as on their individual running time 

to avoid overly long and computational heavy runs. These limits arise due to the large amount of data 

and overall computational space necessary to model the spatial habitat suitability for each species. 

The models of each ensemble run are weighted proportionally after their overall model performance 

based on their TSS score. The better the model performance the higher is its weight of predicting 

habitat suitability (Thuiller et al., 2020). The outcome of the species models is the likelihood (ranging 

from 0-1) of habitat suitability per sub-catchment for each 1224 species in table format across the 

study area. Further the biomod2 package enables to retrieve model evaluation scores and cut off 

points including and ROC, TSS and the variable importance of each environmental predictor.  

The probabilities per sub-catchment are multiplied with the scaled distances (see section 3.1.2) to 

account for stream connectivity following how a fish can swim. In this way probabilities close to known 
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occurrences stay unaltered and those far away are reduced to the point that suitable habitats in other 

stream networks are reduced to zero. All probabilities below the TSS cut off value for each species are 

set to zero and all above are set to one, creating a binary map of species suitable habitats (1 and 0). 

The number one indicates the habitat is suitable for the species and zero it is unsuitable. Both these 

aspects the distance scaling and reduction to a binary map act as a precaution to select suitable habitat 

that is accessible for each species and thus has a higher chance of the species to occur in those habitats 

which are selected in the spatial prioritization.  

3.5 Spatial area prioritization 

For the spatial area prioritization integer linear programming is applied, using Gurobi Optimizer within 

the Prioritzr package in R (Gurobi Optimization, 2021; Hanson et al., 2020). The Prioritzr package in R 

enables to customize the objective function to represent the freshwater conservation scenario. It thus 

allows to integrate the previously described underlying concepts of spatial prioritization (see section 

2.3). 

At first a so-called problem statement is created which represents the objective function of the 

minimization problem (Hanson et al., 2020). It comprises for each planning unit (sub-catchment ID) 

the associated species information modelled from the SDM, and cost data in table format. The cost 

data consists of the human footprint index (HFI). Further constraints are implemented to account for 

spatial connected and clumped priority areas and the area size of the planning units. Spatially 

connected and clumped solutions are achieved by setting a penalty with the add_ boundary _penalty 

which penalizes scattered and non-connected priority areas by increasing its costs. It does this based 

on the distance calculated between each sub-catchment (see section 3.1.2). The further away to non-

connected planning units the higher the penalty. Planning units are further penalized, increasing its 

costs, depending on the area size of the sub-catchment through the add_linear_penalties. Both 

penalties where set after iteratively varying them and subsequent visual inspection of the outcome. 

This balances between completely clumped and scattered solutions of priority area networks. Planning 

units are either fully included or not included in the solution with the add_binary_decisions.  

The objective function is solved with the Gurobi solver minimizing the objective function set by the 

add_min_set_objective (Gurobi Optimization, 2021). The solution gap is fixed at 10 % which is the gap 

to the optimal solution. This constitutes a compromise between computational time and solution 

accuracy. Note that for such a complex objective function with the amount of planning units and 

species data that there is no definitive optimal solution and computational time would be increased 

indefinitely the smaller the gap to it is chosen with the Gurobi Optimizer (Beyer et al., 2016). The Gurobi 

solver can provide faster and more accurate solutions compared for instance to MARXAN, one of the 

most used area prioritization tools (Beyer et al., 2016). Additionally, it returns only the solution closest 
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to optimality and therefore it solves the problem to satisfy the conservation target for all species 

(Domisch et al., 2019).  

The targets are set, using the add_relative_targets, equally for all species and show a range of different 

conservation targets at 20 %, 30 %, 40 %, 50 %. This means that for each target a new ILP run is carried 

out keeping everything except the relative target equal. Each target amounts to the proportion of 

suitable habitat that needs to be covered in the priority areas for each species (e.g. 20 % of a species 

suitable habitat). The targets are chosen to encompass different conservation goals. The 20 % target 

exemplifies the Aichi targets of the last biodiversity convention, while the 50 % target reflects the call 

advocated by different civil society actors and scientist to conserve half of the area of each existing 

habitat type on earth (CBD, 2010; Dinerstein et al., 2017).  

The outcome of the spatial prioritization is the information if a planning unit (sub-catchment ID) is 

included in the minimum cost solutions, satisfying the different conservation targets and constraints. 

No protected areas are being locked in at the start of the analysis to allow for the most flexibility in 

delineating priority areas (Domisch et al., 2019). These newly delineated hypothetical priority area 

networks are then used for comparison with the existing protected area network of Colombia.   

3.5.1 Spatial area prioritization cost data 

The cost data which the objective function is set out to minimize consists of the human footprint index 

and the area size of the sub-catchments.  

The human footprint index represents the anthropogenic pressure on the area. It consists of eight 

anthropogenic impacts from the year 2009 that are 1) extent of built environments, 2) population 

density, 3) nighttime lights, 4) crop lands, 5) pasture lands, 6) roadways, 7) railways, and 8) navigable 

waterways that potentially harm nature (Venter et al., 2018). The HFI is projected globally on 1 km 

raster cells, representing for each cell a value between 0 to 50 (low to high human impact; Venter et 

al., 2018). 

The HFI data are aggregated to the sub-catchment level and scaled in the same way as environmental 

factors (see section 3.3 environmental factors).   

In the study the cost of the HFI is an indicator for habitat intactness (Venter et al., 2016) since sub-

catchments with a higher HFI are impacted by human activity. For long-term conservation success it is 

preferable to protect areas of intact habitats (Margules & Pressey, 2000).  It is assumed that sub-

catchments with higher HFI values would need some type of restoration to of be suitable for 

freshwater conservation. Additional costs associated with higher HFI values are the costs needed to 

set up a protected area in the presence of humans. Therefore, the HFI serves a surrogate in lack of 
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detailed cost data e.g. on opportunity costs due to potential restrictions in protected area or 

compensation measures for landowners etc.  

The area size of sub-catchments is included in the study to compensate for the fact that also the 

protection of areas with low or no human influence are connected to some type of costs. It follows the 

assumption that the larger the area of a sub-catchment, the larger are the costs associated for its 

protection. For instance, larger areas are more costly to convert into conservation areas and the higher 

is the effort to monitor the area from outside pressures. In comparison it is more effective to conserve 

a smaller area with the same conservation value than a larger one. 

The area size of each sub-catchment is calculated with the area function in R applied on the sub-

catchment raster file of the study area. This calculates the area of each raster cell. The raster file and 

original sub-catchment raster are then transformed into table format using the function as.data.frame 

(R Core Team, 2021). The length and position of the two tables matches exactly, since the two tables 

originate from the same original raster file. Therefore, the sub-catchment ID matches the area 

calculation and both tables can be combined using the cbind function (R Core Team, 2021). The data 

frame is subsequently aggregated per sub-catchment ID with the aggregate.data.frame and sum 

function. In this way the area is summed up for each sub-catchment (R Core Team, 2021).  

The spatial area prioritization delineates a priority area network with the lowest total HFI value and 

small sized sub-catchments to cover a defined conservation target of suitable habitat of freshwater 

fish in Colombia. 

3.5.2 Data description  

Within the study area the aggregated HFI ranges between the values 0 and 42.3. On average the lowest 

HFI values are observed in the Amazon basin with 1.4 and the largest in the Magdalena-Cauca region 

with 11 (see Table 3). The total amount of all sub-catchments in the study area covers an area of 

2,311,967 km2. 

Table 3: Mean human footprint index per macro basins and total area of macro basins (own source) 

Basin Mean Human footprint index Total area in km2 

Amazon 1.4 (± 2.8) 1,027,928 

Orinoco 4.6 (± 4) 610,367 

Magdalena-Cauca 11 (± 4.9) 287,526 

Pacific-Choco 8.1 (± 4.8) 242,480 

Caribbean 9.7 (± 4.8) 143,660 

 



37 
 

3.6 Protected area overlap & sensitivity analysis 

The priority areas of each solution compared to the existing area network of Colombia. The shape file 

information for the existing protected areas of Colombia, Peru, Ecuador, Brazil are obtained from the 

World Database of Protected Areas (Protected Planet, 2021). It projects all protected areas of the 

region following the criteria of the IUCN and CBD (UNEP-WCMC, 2019). 

The polygon shapefiles are first merged into one shapefile and then converted to the same spatial 

extent as of the sub-catchment raster file of the study area. This step is necessary to overlay the 

protected areas with the sub-catchment raster file to extract the sub-catchment ID covered by 

protected areas. The raster::extract function is used with the option to obtain normalized weights 

(Hijmans, 2020). In this way the spatial overlay of each raster cell with the protected area network 

shape file is returned in a data frame. The sum of the weights is aggregated per sub-catchment based 

on the sub-catchment ID. Since the sum of all normalize weights is one, it is used to calculate the area 

of overlap between sub-catchments and protected areas. This is achieved by multiplying the total area 

of the protected area shapefile, gained through the area function with the normalized weights of all 

sub-catchments.  

Protected areas are not further differentiated in the study. In this regard it illustrates the minimum 

extent of freshwater conservation in Colombia since it considers where freshwater fish biodiversity is 

located under any type of acknowledged protected area. 

Protected areas are one of the main conservation measures and many scientists call upon the 

expansion of them (Abell et al., 2016; Albert et al., 2021; Kullberg & Moilanen, 2014). There are 

however many forms of protected areas. For instance, differing in their governance structure, 

permittable actions, protection focus. It is not in the scope of this study to evaluate the functioning 

and efficacy of different types of protected areas towards biodiversity conservation. Rather the focus 

lies in modelling the freshwater fish species distributional patterns and comparing how they overlap 

with the existing protected area network when integrated into spatial area prioritization.  

The total size of protected areas in the study area amounts to 625,925 km2. The total land area covered 

by protected areas within Colombia, calculated by the area function, is 192,793 km2 (Hijmans, 2020).  

In order to compare the effectiveness of the existing protected area network for freshwater fish 

conservation in Colombia, a sensitivity analysis is carried out by rerunning the spatial area prioritization 

by locking in the existing protected areas to be including in the solution of the hypothetical priority 

area network.  
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Sub-catchments are locked in when at least 50 % of their area overlaps with that of protected areas in 

Colombia. The threshold is set since protected areas and sub-catchments spatially do not perfectly 

align with each other. Therefore, sub-catchments exist with only small fractions of protected areas. It 

thus buffers the fact that otherwise those sub-catchments would be locked in the sensitivity analysis, 

even though they consist mainly of unprotected area.  

The sub-catchment IDs are locked in the spatial prioritization with the command 

add_locked_in_constraints in the Prioritizr package (Hanson et al., 2020). In this way the spatial extent 

is compared between the original run, the least cost solution, without locking in any areas and the 

spatial prioritization which builds on the existing protected area network. The effectiveness of 

protected areas is high when (i) they are included in the original spatial prioritization (high share of 

overlapping between priority areas and protected areas) or (ii) when the total area size remains similar 

between the two spatial prioritization runs. In the latter scenario the required similar area size would 

indicate that the needed suitable freshwater habitats are included in the protected areas, although 

connected to higher costs (higher HFI values). The higher costs arise since otherwise they would have 

been included already in the least cost solution of the original spatial prioritization.  

This comparison is possible since the two spatial prioritization runs only differ in respect to the locked 

in protected areas. Otherwise, they use the same input data and modelling procedure described in 

section 3.5 spatial area prioritization.  
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4. Results 

The results follow the structure outlined in the methodology, first the results of the SDM are 

presented, followed by the ones of spatial area prioritization, and overlap with the protected area 

network of Colombia.  

4.1 Spatial distribution patterns of Colombian freshwater fish 

a) What are the spatial distributional patterns of Colombian freshwater fish based on their 

corresponding environmental suitability ranges in Colombia? 

The habitat suitability was modeled throughout the model domain for each species, resulting in binary 

predictions of either suitable or unsuitable habitat. The result is the species richness of the model 

domain which illustrates the species distributional patterns through the overlap of the outcome of the 

habitat suitability calculations of all 1224 species (see Figure 5). The maximum calculated species 

richness of a single sub-catchment constitutes suitable habitat for 537 species. This sub-catchment is 

located at the Orinoco river (see Figure 5). Spatially the highest species richness is projected for the 

Amazon and Orinoco river. In the Amazon the suitable habitat mainly follows along the main channel 

of the Amazon river and its largest tributaries such as the Rio Negro. In contrast most of the Orinoco’s 

tributaries and adjacent smaller sub-catchments of the Meta river and of eastern Andean mountain 

range reveal a high species richness. Within Colombia on average each sub-catchment contains 64 

species (standard deviation ± 83). The Magdalena region contains the third highest species richness 

within Colombia which are distributed more evenly throughout the basin. In total each macro basin 

contains in the model domain the following amount of sub-catchments suitable at least for one fish 

species with the Amazon basin contains 15176 suitable sub-catchments, the Orinoco basin 6277, 

Magdalena-Cauca basin 2050, the Pacific-Choco 1184 and the Caribbean basins 752. For the study area 

the suitable habitat containing at least one species is allocated 4968 in the Amazon, 4219 in the 

Orinoco, 2050 in the Magdalena-Cauca, 1180 in the Pacific-Choco and 645 in the Caribbean.  

On average a single species is projected to have 1073 sub-catchments or 3.2 % of the total sub-

catchments of the model domain to be suitable for its occurrence. At the lower end of the spectrum 

74 or 6 % of species possess 10 or less suitable sub-catchments, whereas 53 species or around 5 % can 

be found in over 10 % of all sub-catchments. The maximum suitable habitat is projected for the species 

Tetragonopterus argenteus with 16.5 % of total sub-catchments.  
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Figure 5: Species richness: Binary map of projected habitat suitability modelled for 1224 fish species 

per sub-catchment (own illustration) 

The Amazon and Orinoco basin contain similar numbers of overall numbers of species with suitable 

habitats in the basin (see Table 4). For the Amazon 843 species are projected to find suitable habitat 

in the basin and for the Orinoco 877 different species. The other three basins do not show such a high 

number of species which range from 204 – 235 species (see Table 4). Yet, they project higher numbers 

of suitable habitat of endemic and threatened species compared to the total amount of species 

richness. The Magdalena-Cauca basin contains suitable habitat for 139 endemic species. This amounts 

to 59 % of the modelled species within the basin. It also contains suitable habitat for the most 

threatened fish species with 10 % of its species to fall into the category of threatened fish species. The 

Pacific-Choco basins too contain a high number of endemic and threatened fish compared to their total 

number of species. 48 % are endemic to Colombia and 9 % are assigned to be threatened.  
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Table 4: Total species richness, number of endemic and threatened species per macro basin (own 

source) (own source) 

Basin Species richness Endemic species Threatened Species 

Amazon 843 57 5 

Orinoco 877 93 8 

Magdalena-Cauca 235 139 24 

Pacific-Choco 204 98 19 

Caribbean 209 39 6 

 

Compared to this the Amazona and Orinoco contain much lower number of endemic and threatened 

species. In the Amazon only 7 % of the species are endemic to Colombia and 0.6 % are threatened.  

The Orinoco basin contains 11 % endemic and 1 % threatened species. On the lower end of the total 

amount of species as well as for endemic and threatened species suitable habitat is the Caribbean 

basins of the study area. It contains suitable habitat for 209 species of which 17 % are endemic and 3 

% are threatened species. 

Spatially the distribution patterns of sub-catchments suitable for endemic and threatened species is 

centered within the Colombian Magdalena-Cauca basin and the Colombian parts of the Pacific-Choco 

basins (see Figure 6). Here, only the suitability projections of endemic and threatened species are 

overlayed and mapped (see Figure 6). 

 

Figure 6: Endemic and threatened species richness: Binary map of projected suitable habitat of a) 

endemic fish species; b) threatened fish species per sub-catchment (own illustration) 

For the country of Colombia 5174 sub-catchments (66 % of the total amount of sub-catchments in 

Colombia) are projected to be suitable for at least one endemic fish species (7379 in total, 2205 fall 

outside Colombia). The mean and standard deviation of endemic species per suitable habitat 9 ± 11 

and the maximum is 67 for a single sub-catchment. In Colombia 2002 sub-catchments are projected to 

a) b) 
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contain suitable habitat for threatened fish species (2150 in total, 148 fall outside of Colombia). The 

mean and standard deviation of threatened species is 3 ± 2 and the maximum is 12 species in a sub-

catchment.  

The mean variable importance of the environmental predictors across all species reveal that the 

predictor most used by the ensemble model is the outlet distance, followed by logarithmic flow, the 

seasonality mean temperature and cultivated vegetation land cover (see Table 5). The degree of urban-

, barren landcover and fractal dimension sinusoid (stream length divided by straight stream length) 

were used the least across all species. However, outliers exist and for some species even lower overall 

predictors were used at a higher percentage in the ensemble.  

Table 5: Mean variable importance of each environmental predictor used in the SDM across all species 

(own source) 

Variable categories Variable Variable importance in % 

Climate Seasonality mean temperature 10.8 

Diurnal temperature 7.5 

Annual temperature 6.3 

Land cover Cultivated vegetation  9.7 

Tree cover 6.2 

Flooded vegetation 5.2 

Barren vegetation 1.3 

Urban 1.1 

Topology Elevation range 4 

Elevation drop 3 

Gradient 2.1 

Hydrology Outlet distance 19.1 

Logarithmic flow 13.3 

Stream length 4.9 

Flow accumulation 3.1 

Sinusoid 1.4 

Outlet drop 0.8 

 

The evaluation scores ranged between 0,668 – 1 for TSS scores (0.929 ± 0.061) (mean ± standard 

deviation) and 0.921 – 1 for ROC (0.987 ± 0.012) values, suggesting high model accuracy throughout 

the SDMs.  
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4.2 Priority areas of Colombian freshwater fish 

b) Where would priority areas be located to achieve specific conservation targets? 

Area prioritization was carried out for four different conservation targets (20 %, 30 %, 40 %, 50 %). The 

lowest number of sub-catchments, total area and anthropogenic impact in the priority areas is 

achieved at the 20 % conservation target (see Table 6). In total an area of 279,077 km2 is prioritized for 

the conservation of 20 % of suitable habitat of each 1224 freshwater fish species. This amounts to an 

area of 12 % of the entire study area. For the conservation target of 30 % an additional 1201 sub-

catchments or an 6.2 % increase of the total study area. In the next 10 % increment of the conservation 

target to 40 % an additional 1424 sub-catchments or an extra 7.7 % of the study area is needed to 

achieve the target. 1096 sub-catchments or 6.6 % in additional area.  

Table 6: Number of suitable sub-catchments and total area of priority areas per conservation target 

(own source) 

Conservation target Number of sub-catchments Total area in km2 

(percentage of study area) 

20 % 2129 279,077 (12.1 %) 

30 % 3330 423,118 (18.3 %) 

40 % 4754 600,816 (25.9 %) 

50 % 5850 754,400 (32.6 %) 

 

This pattern is also observed spatially. The priority areas are well distributed throughout the study area 

and with each additional 10 % increments, the overall area increases which is prioritized in the solution 

(see Figure 7). The human footprint index ranges between 12.3 % and 36.4 % of the total HFI observed 

in the study area. The extent of priority areas that fall within the country of Colombia is about 166,701 

km2 to meet the 20 % conservation target. For the 30 %, 40 % and 50 % conservation targets the area 

selected in Colombia is 251,787 km2, 347,839 km2 and 439,086 km2, respectively. 
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Figure 7: Priority area network selected to meet different conservation targets. Red shading refers to 

sub-catchments included in priority area network: a) 20 % target, b) 30 % target, c) 40 % target, d) 50 

% target (own illustration) 

Most sub-catchments for each conservation target are selected from the Amazon basin, followed by 

the Orinoco, Magdalena-Cauca, Pacific-Choco and Caribbean basins (see Table 7). When comparing 

the selected sub-catchments in the macro basins with the total amount of sub-catchments that contain 

suitable habitat at least for one fish species, the pattern shifts in the way that from each macro basin 

a similar share is prioritized across the four target scenarios. For instance, for the 20 % conservation 

target between 14.4 % and 17.3 % of the total available sub-catchments are selected in the priority 

area network of the Amazon, Orinoco, Magdalena-Cauca, and Pacific-Choco basins (see Table 7). Only 

from the Caribbean basins a smaller amount between 9.3 % and 26.4 % are prioritized throughout the 

different conservation targets (see Table 7). In contrast the range for the other macro basins is 

between 15.3 % and 48.5 % (20 % and 50 % conservation target). 

 

 

 

a) b) 

c) d) 
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Table 7: Number of sub-catchments prioritized per macro-basins and conservation target (in brackets 

proportion to total number of suitable habitat sub-catchments in that macro-basin) (own source) 

Protection 

target 

Amazon sub- 

catchments 

Orinoco sub- 

catchments 

Magdalena 

sub- 

catchments 

Pacific sub-

catchments 

Caribbean 

sub- 

catchments 

20 % 823 (16.6 %) 728 (17.3 %) 348 (17 %) 170 (14.4 %) 60 (9.3 %) 

30 % 1289 (25.9 %) 1124 (26.6 %) 541 (26.4 %) 284 (24.1 %) 92 (14.3 %) 

40 % 1817 (36.6 %) 1630 (38.6 %) 790 (38.5 %) 380 (32.2 %) 137 (21.2 %) 

50 % 2185 (44 %) 2047 (48.5 %) 912 (44.5 %) 536 (45.4 %) 170 (26.4 %) 

 

Suitable habitat for at least one endemic species is included in 1445, 2227, 3194, 3840 sub-catchments 

for the 20 % to 50 % target. For threatened species the result per conservation target (20 % to 50 %) 

show that 494, 759, 1092, and 1341 sub-catchments contain suitable habitat, respectively. Spatially, 

most sub-catchments suitable for both endemic and threatened Colombian freshwater fish species are 

located in the Magdalena-Cauca and Pacific-Choco region in Colombia and in the border region to 

Venezuela in the Orinoco basin (Figure 8). Further, there exists few sub-catchments which only are 

prioritized solely suitable for threatened species while suitable habitat for endemic species spans over 

wider areas in the Orinoco and Amazon basins (see Figure 8). 
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Figure 8: Priority areas of endemic and threatened species: (1) yellow shading refers to suitable 

habitat of endemic fish species. (2) Blue shading refers to suitable habitat of threatened fish species 

(3) Red shading refers to suitable habitat of both endemic and threatened fish species: a) 20 % target, 

b) 30 % target, c) 40 % target, d) 50 % target) (own illustration) 

The Orinoco basin contains the most prioritized sub-catchments suitable for endemic fish, while the 

Magdalena-Cauca basin has the highest number of sub-catchments for threatened species (see Table 

8). Additionally, the Magdalena-Cauca region reveals the second highest number for endemic species 

and all its sub-catchments assigned to priority areas are suitable habitat for at least one endemic fish 

species. The Pacific-Choco basins show the closest ratio of suitable sub-catchments for endemic and 

threatened fish with 123 and 99 sub-catchments. The lowest amount is observed for both endemic 

and threatened to be prioritized in the Caribbean basin.  

 

 

 

 

a) b) 

c) d) 
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Table 8: Number of suitable sub-catchments for endemic and threatened fish species per macro basin 

and conservation target (own source) 

Basin Endemic species Threatened Species 

20 % 30 %  40 % 50 % 20 % 30 %  40 % 50 % 

Amazon 342 514 746 860 28 38 62 69 

Orinoco 614 931 1347 1611 124 168 258 295 

Magdalena-

Cauca 

348 541 790 912 240 380 532 630 

Pacific-

Choco 

123 204 273 402 99 169 236 335 

Caribbean 18 31 38 55 3 4 4 12 

 

4.3 Comparison to existing protected area network 

c) How do the priority areas differ from the existing protected area network in Colombia? 

The calculated overlap between the currently existing protected area network and the selected priority 

areas located within Colombia constitutes that 9.2 %, 14.9 %, 21.1 % to 28.2 % of the protected areas 

overlaps with that of priority areas, depending on the conservation target (20 % to 50 % target).  

Table 9: Extent of protected areas included within priority areas per conservation target, grouped after 

overlap occurring within and outside of Colombia and total overlap (own source) 

Conservation 

target 

Overlap within Colombia 

in km2 

Overlap outside of 

Colombia in km2 

Total overlap in km2 

20 % 17784 40100 57884 

30 % 28652 65248 93900 

40 % 40621 94340 134,961 

50 % 54350 110,217 164,567 

 

For all conservation targets there is a larger overlap of protected areas located outside the borders of 

Colombia (see Table 9). For instance, for the 20% conservation target 70 % of the observed overlap is 

contributed by priority areas delineate in one of the neighboring countries of Brazil, Venezuela, 

Ecuador, and Peru. When total overlap is considered between 9.2 %, 15 %, 21.6 % and 26.3 % of the 

protected area in the study region coincide with priority areas for the different targets.   
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Figure 9: Overlap of protected area network and priority area network. Red shading refers to priority 

areas selected per conservation target. Green shading refers to existing protected area network: a) 20 

% target, b) 30 % target, c) 40 % target, d) 50 % target (own illustration) 

Viewing the overlap spatially it shows that the largest connected priority areas overlap in the Amazon 

and Orinoco basins (see Figure 9). While especially the Magdalena-Cauca and Pacific-Choco basins 

portrait a mosaic structure of protected areas and overlaps with priority areas. The Caribbean basin 

shows large parts of protected areas and few priority areas.  

Table 10: Extent of protected areas included within priority areas per macro basin, grouped 

conservation target (own source) 

Basin Protected 

area in km2 

Overlap 20 % 

conservation 

target in km2 

Overlap 30 % 

conservation 

target in km2 

Overlap 40 % 

conservation 

target in km2 

Overlap 50 % 

conservation 

target in km2 

Amazon 347,412 38837 57251 74190 89663 

Orinoco 133,272 9356 17803 34402 41573 

Magdalena-

Cauca 

36788 3952 8191 12085 14631 

Pacific-

Choco 

25130 1612 2749 3300 4979 

Caribbean 83323 5128 7907 10985 13,721 

 

a) b) 

c) d) 
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The largest area under any type of protection status in the study area is observed in the Amazon basin, 

followed by the Orinoco, Caribbean basins, Magdalena-Cauca, and Pacific-Choco basins (see Table 10). 

When following the 20 % conservation target, it is observed that the basin with the largest extent of 

protected areas being included in priority areas are found in the Pacific-Choco with 15.6 %, followed 

by the Amazon basin with 11.7 %, the Magdalena-Cauca basin 10.7 %, the Orinoco basin 7 %, and the 

Caribbean basins with 6.2 %. 

4.4 Sensitivity analysis with locked in protected areas 

Spatially, the result of the sensitivity analysis reveals for each conservation scenario small scattered 

priority areas in the Magdalena-Cauca and Pacific-Choco basins and large connected areas in the 

Amazon and Orinoco basins (see Figure 10). This pattern is most pronounced in the 20 % conservation 

target. In the Amazon basin it is best visible that the larger priority areas align with the protected area 

network of the study area (see Figure 10).   

 

Figure 10: Spatial prioritization with existing protected areas locked in. Red shading refers to sub-

catchments included in priority area network: a) 20 % target, b) 30 % target, c) 40 % target, d) 50 % 

target (own illustration) 

The priority area network of the locked in solution have a 13.7 % – 34.7 % larger area in comparison to 

original unlocked spatial prioritization (see Table 11). The largest difference is seen for the lowest 

a) b) 

c) d) 
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target and it becomes smaller the higher the conservation target. In regard to the overall study area 

an additional 4.2 % – 4.5 % area is needed to fulfil the targets compared to the unlocked solution (see 

Table 11).  

Table 11: Total area of locked in spatial prioritization and comparison with unlocked spatial 

prioritization (see section 4.2) (own source) 

Conservation target Area in km2 

(percentage of study 

area) 

Area comparison with 

unlocked solution in 

km2 

Area comparison of 

total area to unlocked 

solution in percent 

20 % target 375,864 (16.3 %) + 96,788 (+ 34.7 %) + 4.2 % 

30 % target 523,038 (22.6 %) + 99,920 (+ 23.6 %) + 4.3 % 

40 % target 700,243 (30.3 %) + 99,427 (+ 16.5 %) + 4.3 % 

50 % target 857,935 (37.1 %) + 103,535 (+ 13.7 %) + 4.5 % 
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5. Discussion 

The habitat suitability of 1224 taxonomical validated Colombian freshwater fish are modeled in this 

study. Within this group are included 224 endemic and 40 threatened fish species which spatially 

mainly center around the Trans-Andean region in Colombia. This was used as a basis to assign priority 

areas to conserve 20, 30, 40, and 50 % of each species suitable habitat while minimizing the human 

footprint index and area size. The results show that protected areas in Colombia overlap with priority 

areas as low as 9.2 % and as high as 28.2 % for 20 % and 50 % conservation targets, respectively. This 

indicates that freshwater biodiversity in Colombia is not adequately represented within national 

protected areas.  

5.1 Species spatial distribution patterns 

TSS scores are high for majority of species (mean: 0.929, standard deviation: ± 0.061). The model 

therefore performs better than modelling habitat suitability at random. For the choice of 

environmental predictors, the SDM used most, the distance to outlet and logarithmic flow, two 

hydrological parameters and a climate related predictor with seasonality mean temperature. Water 

flow and temperature are two of the most influential factors in determining freshwater fish spatial 

distribution (Domisch et al., 2015), indicating a good choice of environmental predictors by the 

ensemble model.  

When comparing species distribution per macro basins, it reveals similar patterns of species richness 

(Donascimiento et al., 2017; Reis et al., 2016). Reis et al. (2016) reports for the Amazon, Orinoco, 

Magdalena, Pacific and Caribbean basins a total species richness (in brackets species richness modelled 

in the study): 2411 (843), 1002 (877), 205 (235), 222 (130), 317 (203). The species richness is especially 

lower for basins which have a larger spatial extent compared to that of the study area (Reis et al., 

2016).  

This makes sense since the study only considers freshwater fish found in Colombia, already excluding 

all endemic species from other countries. For instance, the Amazon basin is only partially included 

within the study area, encompassing around 1/6 of the entire basin (Reis et al., 2016). Further for the 

Amazon many species occur in areas partly or not covered by the study area such as the Amazon 

lowlands and the tributary Madeira river (Jezequel et al., 2020). Otherwise for the parts of the Amazon 

basin in the study area the spatial distribution of species richness has been observed by other authors. 

So, reports (Oberdorff et al., 2019) although on larger spatial units and resolution similar patterns of 

species richness for instance, the area around Manaus shows the highest species richness such as 

modeled with the applied SDMs. 
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For the Pacific-Choco and Caribbean basin, the species richness is lower. However, also the study area 

as a smaller extent compared to Reis et al. (2016). For the Pacific-Choco basins all of Chile and large 

parts of Peru are not part of the study area. For the Caribbean basins Trinidad and Tobago are not 

included compared to Reis et al. (2016). On the other hand, the Magdalena basin completely falls 

within the study area. Here, the SDM modelled suitable habitats for a greater number species 

(modelled 220 compared to 205).  

Since the model projects the realized niche of potential suitable habitat and accounts for stream 

connectivity, at least one of the occurrence points from the initial input data of the SDM needed to fall 

into the basin. That means that the larger number of species projected to occur in the basin either 

results due to misidentified species which were included in the data set with an correct taxonomic 

species name or that those species have simply not been detected at the time of the study by Reis et 

al. (2016). 

In such a dynamic and species rich part of the Neotropics, new areas of species prevalence are being 

discovered from time to time. For example, (Bogotá-Gregory et al., 2020) recently reported 13 genera 

of fish to be found for the first time in Colombia. There still exists for many species a lack of knowledge 

about their actual spatial distribution (Oberdorff et al., 2019). Further, the species distribution 

modelling only gives information on suitable habitat represented by the fundamental niche and not 

the realized niche and actual geographic distribution of species. It needs to be followed up by field 

research to test whether a species actually occurs in a location. 

The species richness for the Orinoco basin is close to the number reported by (Reis et al., 2016) and 

again the Orinoco basin is largely represented in the study area. Another pattern what can be observed 

in the data is the fact that many species occur in the Orinoco and the Amazon basin which is also 

reported by (James S. Albert et al., 2020). 708 species modeled to have suitable habitats in the Orinoco 

basin are projected in the Amazon basin as well. This fact agrees with the low number of endemic 

species being projected to have suitable habitat in the Orinoco basin with around 15 % endemic species 

(Reis et al., 2016). 

Furthermore, the modelled species distribution patterns of endemic and threatened Colombian fish 

species also show similar percentage ranges per macro-basin as are projected by the SDM e.g. 

modelled endemic species range of the Orinoco is 11 % compared to 15 reported by Reis et al. (2016). 

This indicates in combination with the high TSS scores for the first time a comprehensive depiction of 

the spatial distribution of Colombian freshwater fish species on a national scale.  
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5.2 Priority area network 

The priority areas cover between 279,077-754,400 km2 depending on the met conservation target in 

the study area. Despite the large extent over the heterogenous landscape of Colombia, it is worth to 

investigate where the priority areas are situated and to discuss their potential implications for 

freshwater conservation in Colombia.   

The spatial extent of the priority areas for the different conservation targets follows a similar spatial 

pattern. The general pattern of the 20 % target is reflected in the 30 % target, whereas additional areas 

are rather connected to the priority areas already delineated in the former target. These patterns 

indicate that similar regions of the study area are needed to find the minimized cost solution for the 

different conservation targets. With these similarities the focus of the discussion about the priority 

areas will be around the 20 % target. This target covers the smallest area and thus represents the 

smallest common denominator of priority areas. 

Amazon basin 

In the Amazon basin, despite being the largest basin and having a high projected species richness, only 

a seemingly similar number of sub-catchments is needed for the freshwater conservation of 16.6 % of 

its available sub-catchments. This suggests that Colombian freshwater fish occurring in the Amazon 

occupy similar habitats, which also is reflected in the large continuous areas (since the model favors 

connected priority areas). 

Noteworthy for its ecological uniqueness and high freshwater biodiversity the Yahuarcaca lake system 

is included in the priority area in the Amazon region is (Henao et al., 2020; Portocarrero-Aya & Cowx, 

2016). It is situated in the most southern part of Colombia at the border to Peru and Brazil. The Amazon 

river forms here an interconnected system with four lakes (Henao et al., 2020). Part of it in Colombia 

is designated as a Ramsar site (Protected Planet, 2021). The priority area fully includes the Ramsar site 

and extents further the entire Colombian Peruvian border into Peru. This is especially important since 

this unique freshwater ecosystem is currently facing anthropogenic impacts from people living in 

Colombia and Peru (Portocarrero-Aya & Cowx, 2016). Another important reason to protect freshwater 

fish in the area is that the local indigenous people are highly dependent on many fish species as a food 

resource (Henao et al., 2020).   

Orinoco Basin 

For the Orinoco basin Lasso et al. (2016) determined on a non-spatial classification metric, priority 

areas for freshwater fish conservation. Areas were evaluated based on their total number of species, 

their number of endemic and threatened species and their number of commercially valuable species. 



54 
 

Six areas (i-vi) are descriptively mentioned to be of special importance to freshwater conservation in 

the Orinoco basin (Lasso et al., 2016). From these six each except the Orinoco delta (i), which was not 

part of the study area is reflected in the priority areas. The Ariari river up to its confluence with the 

Guainare river is in its entirety included in the priority areas (ii). The Fluvial star of Colombia, also one 

of nine Ramsar sites in Colombia and renowned for its high freshwater fish biodiversity at the 

confluence of several rivers with the Orinoco, is in its majority included in priority areas (iii). Half of the 

Bita river is included as well starting from its headwaters and in a continuing fashion (iv). For the 

headwaters of the Meta river (v) and the floodplains of the Apure river in Venezuela only parts overlap 

with priority areas. However, for both streams there are priority areas located in its close vicinity. 

Furthermore, instead of the two headwater streams of the Metica and Upia rivers which contribute to 

the Meta river, a large connected area is selected to the west of them. They too represent smaller 

headwater streams flowing from the Andean mountain ranges into the Meta river. Lastly, the Meta 

river is included through its sub-catchments until its confluence with the Orinoco river. Parts of the 

Apure river are overlapping with priorities areas, however a far greater proportion overlaps with the 

Arauca river which flows parallel to the Apure river to the south of it (vi).  

Magdalena-Cauca Basin  

The main stream of the Magdalena river is only included within in its middle segment by priority areas. 

This section is characterized by a latterly unconfined stream bed with large floodplains (Nardini et al., 

2020). It stands in contrast to the upper parts of the river which is already either partly or completely 

confined to its stream bed (Nardini et al., 2020). There priority areas are located not at the main stream 

but covering the smaller headstreams, mainly in the American Cordillera mountain range.  

For the second biggest river in the Magdalena basin, the Cauca river, a similar picture arises in that the 

main stream is prioritized as a larger connected area in its middle segment and smaller disconnected 

ones cover smaller tributaries in the mountainous region towards its upper part. However, different 

to the Magdalena river is that the Cauca river in its middle segment is already partly confined with 

many ongoing constructions of its riverbed (Nardini et al., 2020).  

The entire Magdalena-Cauca basin faces in Colombia the highest amount of anthropogenic impacts 

shown by the HFI. This coincides with the high number of sub-catchments containing threatened 

species. The high number of threatened species is connected to the high number of endemic species 

with a small spatial distribution range and the high anthropogenic impact.  

All sub-catchments in the priority areas of the Magdalena-Cauca basin contain suitable habitat of 

endemic fish species. This indicates that the spatial prioritization picked the sub-catchments due to its 

value of endemism which it could not integrate in the solution elsewhere despite the higher HFI values 
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of the basin. (Tognelli et al., 2018) findings of endemic fish species in the Andean region agree for the 

high number of threatened species and endemic species in the Magdalena-Cauca basin. It is due to 

these circumstances that there should be an increased focus on the priority areas in the Magdalena 

basin when considering which priority areas are more important than others.     

Pacific-Choco basins 

The priority areas of the Pacific-Choco basins reveal a more scattered pattern. Such a pattern reflects 

the multiple separated sub-catchments flowing into the Pacific Ocean. This structural diversity of 

habitats has been reported to be an important factor for the high species endemism of the Pacific-

Choco region (Albert & Carvalho, 2011). Noteworthy are the several priority areas assigned to tributary 

rivers of the Atrato river which is the largest stream in the Pacific-Choco. The Atrato river is one of the 

most contaminated rivers, heavily affected by mining activities within its catchment area (Palacios-

Torres et al., 2018). This reflected in the high number of threatened species found in the priority areas. 

The number of priority areas in the Pacific-Choco basins is the second lowest compared to its total 

amount of sub-catchments (14.4 %). However, compared to the low number of designated priority 

areas, the majority of its sub-catchments in the priority areas are suitable habitat for endemic and 

threatened fish species. This fact makes the priority areas in the basins of the Pacific-Choco more 

valuable to the conservation target.  

Caribbean basins 

The Caribbean basins have the smallest amount of priority areas of its total sub-catchments (9.2 %) 

and the lowest number of prioritized sub-catchments. This suggests that the species occupy similarly 

structured habitats. Thus, a smaller number of sub-catchments are prioritized in the spatial 

prioritization, resulting in lower costs. This aligns with the fact that the Caribbean basins account for 

the lowest number of endemic species in study.  

In general, the area prioritization and the number of priority areas is the highest in the largest macro 

basins. However, the same number of sub-catchments in comparison to the available ones in a macro 

basin were needed for the conservation of less species in the Magdalena-Cauca and Pacific-Choco 

region which both have higher rates of endemism and threatened fish species. For instance, in the 

Amazon 843 species are modelled to have suitable habitats in the basin and 16.6 % of its suitable 

habitats are prioritized, whereas for the Magdalena-Cauca basin only 235 species are also prioritized 

in 17 % of the basins suitable sub-catchments.  

This fact of the spatial prioritization is beneficial for freshwater conservation since endemic and 

threatened species are the ones most vulnerable and hence need to be focused in their conservation 
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(Kukkala & Moilanen, 2013). Additionally, they are located in macro basins with higher mean HFI. Since 

the spatial prioritization is set to minimize the HFI cost of the priority area network this fact at first 

glance seems like a contradiction. However, it rather underlines the importance of those habitats. 

These areas are delineated as priority areas despite their higher HFI and henceforth, are essential to 

be included in the network to meet the conservation targets. Since the species inhabiting these 

mountainous habitats of the Magdalena-Cauca and Pacific-Choco basins cannot be protected 

elsewhere at lower costs.   

Therefore, the priority areas in any conservation target illustrates the urgent need for conservation in 

populated areas. This will lead to conflicts of interest between human activities and nature 

conservation, apparent in the numerous threats to freshwater biodiversity in the region (Albert et al., 

2021; Lasso et al., 2016; Palacios-Torres et al., 2020). However, (Bonilla-Mejía & Higuera-Mendieta, 

2019) reports that the management and monitoring of protected areas are more effective closer to 

human settlements in Colombia. It could thus also be advantageous that a larger number of sub-

catchments need to be protected in the Magdalena-Cauca basin. A balance must be found through the 

ongoing systematic conservation planning by taking into considerations local stakeholders views and 

showcasing their dependence and benefits for them of freshwater conservation (Portocarrero-Aya & 

Cowx, 2016).  

The location of higher number of sub-catchments in endemic rich basins coincides with their location 

within stream networks. In Colombia endemic species mainly occur in smaller streams in the Andean 

region of the Magdalena-Cauca or Pacific-Choco basins (Herrera-Pérez et al., 2019; Tognelli et al., 

2018).  

The most common stream size included in the priority area are small streams of Strahler stream order 

one and two (see appendix Figure A4 Strahler stream order). This illustrates that despite the high 

species richness modeled in larger streams (see Figure 5 species richness) that a higher number of sub-

catchments of smaller and headwater streams are required to be protected to meet the conservation 

targets.  

Headwater streams are heterogenous habitats, in terms of their water flow, structural elements, 

chemical composition etc. (Richardson, 2019). This structural diversity in habitats results in 

evolutionary adaptations of fish species and in evolutionary timescales to higher rates of endemism 

(Albert & Carvalho, 2011). Those endemic species thus occupy spatially distinct habitats. This feature 

is also observed in the spatial prioritization carried out in this study. It selected fewer large stream sub-

catchments to conserve a high number of species, whereas it need to select more diverse sub-
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catchments to include a smaller number of fish species in headwaters, mainly found in the Magdalena-

Cauca and Pacific-Choco basins.  

Headwater streams are not only important habitats for endemic and specialized species but impact 

the ecological processes and fisheries of downstream rivers as well, for instance by constituting 

important spawning sites for migratory species in Colombia (Colvin et al., 2019; Lasso et al., 2016). 

Further, also priority areas of smaller streams in the vicinity of larger ones like the Amazon river serve 

are important to the latter especially in the flood period in which they form lateral connections with a 

mosaic of different habitats (Stegmann et al., 2019). Due to their smaller water volume, headwater 

streams are more vulnerable to structural changes (Swan & Brown, 2017).  

With those characteristics of being vulnerable to anthropogenic threats and their importance in 

freshwater systems (Richardson, 2019), it is beneficial that the spatial prioritization delineated a higher 

number of sub-catchments of smaller streams and headwaters for its protection.  

5.3 Transnational priority areas 

One feature of the assigned priority areas in all solutions is the fact that several of them are either 

crossing the Colombian border or are situated entirely outside of Colombia. In other words, based 

purely on the biodiversity and cost values provided in the spatial prioritization, the argument exists 

that it is cost-effective to protect habitat outside of Colombia.  

This is a controversial statement since it could lead decision makers to value their own freshwater 

ecosystems less at home in Colombia since its fish freshwater biodiversity can be protected in its 

neighboring countries. For example, in the 20 % conservation target 42 % percent of the priority areas 

lay completely outside of Colombia (basins through which the political border crosses are assigned to 

Colombia).  

First of all, from an ethnical standpoint every country should protect biodiversity within its own 

borders (Arponen, 2012). The biodiversity might also exist elsewhere does not entail the destruction 

in another place. Even more so since the destruction of biodiversity is caused by harmful activities 

which in many cases are also harmful to the local population e.g. pollution by mining activities 

(Palacios-Torres et al., 2018). Additionally, local people and especially indigenous people depend on 

the various ecosystem services provided by freshwater biodiversity within their local region (Henao et 

al., 2020). With this warning that priority areas in other countries should not be used as an excuse for 

contrary actions, there is some merit in the most cost-efficient allocation for Colombia by working 

together with its neighbors for the benefit of all.  
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Therefore, the question arises how feasible transboundary priority areas can be protected since it 

makes bilateral conservation efforts necessary. It requires transnational communication and 

coordination which imposes additional costs on the conservation process (Dolezsai et al., 2015). The 

conservation efforts need to be aligned to ensure equal standards in conservation actions. Otherwise 

poor coordination potentially leads to a fragmentation of ownership, governance and management 

which negatively influences the efficiency and long-term conservation success (Dallimer & Strange, 

2015). Although these costs are spatially difficult to incorporate, transnational conservation does 

increase the costs of conservation for the sub-catchments outside of Colombia which are not accessed 

in the study. 

Despite the additional costs there are, however, benefits to all countries engaging in working together 

to conserve freshwater biodiversity. For Colombia the study shows that the advantages of cooperating 

will lead to the conservation of its freshwater fish biodiversity in connected priority areas that have a 

low human footprint index and small area size. This is especially true for migratory species which are 

often commercially important species, such as Brachyplatystoma spp. and Pseudoplatystoma spp. as 

from the Orinoco basin (Lasso et al., 2016). The Yahuarcaca lake system illustrates another example in 

which Colombia is reliant on transnational cooperation. This ecosystem face increased anthropogenic 

stressors among others through overfishing and pollution on both the Peruvian and Colombian site 

(Henao et al., 2020; Portocarrero-Aya & Cowx, 2016). Here also first binational agreements targeting 

fisheries rights and river dolphin protection have been concluded between Colombia and Peru 

(Portocarrero-Aya & Cowx, 2016).  

The neighboring countries benefit directly from the newly assigned conservation areas within their 

boundaries. Apart from their intrinsic value, freshwater biodiversity provide many ecosystem services 

to nature and the local population (Albert et al., 2021). Further, since Colombia is situated upstream 

for all catchments other than one catchment on the Ecuadorian border and the actual Amazon river 

section (see figure 2), its neighboring countries benefit from upstream catchment protection in 

Colombia (Richardson, 2019).  

Albert et al. (2021) argue the same that international treaties are needed for freshwater conservation. 

A first approach of transnational freshwater conservation could be the expansion of international 

recognized frameworks such as provided through the Ramsar convention. Colombia and all of its 

neighbors are members to the Ramsar convention (Ramsar, 2021). It can, therefore, serve as a building 

block of mutual participation in freshwater conservation based on its governance structure and 

provision of assistance by an international organization.   
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In any case the results of the study show that Colombia has a much larger need for conservation at 

home in the Magdalena and Pacific region. If the endemic fish fauna is lost it will be lost forever. More 

people are depended on the healthy state of freshwater habitats. Preserving those ecosystem services 

would constitute a win-win situation for the local population and nature (Lasso et al., 2016; 

Portocarrero-Aya & Cowx, 2016). Protecting freshwater biodiversity at a catchment scale is likely to 

result in benefits for conserving terrestrial ecosystems. A study from the north east of Brazil reports 

joint benefits when protecting freshwater habitats (Leal et al., 2020). 

5.4 Protected areas overlap & sensitivity analysis with locked in protected areas 

The total protected area size for Colombia is calculated in the study to be 192,793 km2 which is very 

close to the 193,618 km2 provided by Protected Planet for Colombia (Protected Planet, 2021). 

Colombia is the only country of which all terrestrial protected areas are fully included in the study area. 

This indicates the correctness of the calculated protected area overlap which have been based on this 

calculation (see 3.6 protected area section).  

Between 9.2 %, to 28.2 % of the priority areas fall within the existing protected area network of 

Colombia. It can be argued therefore that it only protects a fraction of the freshwater biodiversity in 

the study area. This inadequacy is further illustrated in the sensitivity analysis.  

The current existing protected area network of Colombia covers an area of 192,793 km2 and that of 

the hypothetical protected area network without any locked in areas amounts to 166,701 km2 in 

Colombia (20 % conservation target). Hence, the area of the existing protected area network is already 

13.5 % larger. 

If the existing protected area network protects freshwater fish equally well, then the locked in spatial 

prioritization should be around 13.5 % larger compared to the unlocked solution to meet the 20 % 

conservation target, since from the size of the area is sufficient to protect fish biodiversity, if they are 

projected to have suitable habitat within them. However, spatial prioritization build on the protected 

areas is 34.7 % larger than that of the unlocked solution.  

It indicates that the current protected areas do not sufficiently cover freshwater biodiversity habitats 

since additional areas are needed outside of the protected areas. This result is also observed for the 

other conservation targets for which the minimum cost solution of the unlocked spatial prioritization 

assigned larger areas compared to the existing protected network. For these scenarios the priority area 

network extents to 251,787 km2 - 439,086 km2 in Colombia and thus the locked in spatial prioritization 

should be around a similar area size. Still all locked spatial prioritization runs required additional areas.   
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On a global scale authors have already highlighted the lack of adequate conservation of freshwater 

biodiversity in terrestrial reserve networks (Abell et al., 2007; Herbert et al., 2010; Tickner et al., 2020). 

On a continental scale, Abell et al. (2016) analyzed the proportion of protected areas in the upstream 

river catchments of the largest rivers. In that study the Magdalena catchment and middle section of 

the Orinoco basin show little upstream river protection (0 % – 10 % protection), while the Amazon 

basin shows a higher rate of protection (25 % – 50 % protection) (Abell et al., 2016). On this larger scale 

the overall patterns agree with the study results. Here, the Amazon reveals the largest amount of 

protected areas in the study area and the Magdalena-Cauca region and Pacific-Choco the least. 

However, the pattern of the overlap between protected areas and priority areas delineated in the 

study changes the pattern.  On this finer scale also sub-catchments of suitable habitat of the Amazon 

basin only overlap to around 11 % similar to that of the Magdalena-Cauca basin.  

Only one other study of (Tognelli et al., 2018) exist which is spatially explicit and on a finer scale by 

comparing priority areas of freshwater fish with existing protected areas for the study region.  

Tognelli et al. (2018) assessed how protected areas in the Trans-Andean region of Colombia, Ecuador, 

Peru and Bolivia cover priority areas assigned for endemic and threatened freshwater fish species. It 

came to the result that 88 % of the 648 species in the analysis were not adequately represented within 

the existing protection network and that the area of the priority areas covered by protected areas 

amounts to only 2 % of the entire study area (51903 km2) (Tognelli et al., 2018). This low number 

reflects the inadequate protection status of endemic freshwater fish within Pacific -Choco basins and 

the Magdalena river basin found in this study. Although, it needs to be noted that Tognelli et al. (2018) 

applied larger sized catchment planning units (average 804 km2 compared to 148 km2 in this study) 

and protected areas needed to cover at least 70 % of an catchment to be considered as protected. In 

other words, larger catchments would have needed to be covered to a higher degree. Such 

predefinitions would have lowered the results of this study even for the same sub-catchments. 

Therefore, this study represents an enhancement to the previous research since the smaller spatial 

resolution is better equipped to deal with the modifiable area unit problem. This problem could have 

otherwise hide spatial features of finer resolution when aggregated to larger planning units.  
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5.5 Priority areas overlap with indigenous areas of Colombia 

Indigenous people in Colombia strongly depend on local freshwater resources (Henao et al., 2020; 

Reyes-García et al., 2019). Through their local knowledge and traditional lifestyle indigenous people 

are safeguarding biodiversity (Corrigan et al., 2018). The integration and acknowledgment of 

indigenous people into the conservation efforts thus can benefit both sites, nature conservation and 

the livelihood of local people (Garnett et al., 2018). In Colombia portions of the country are 

acknowledged by the government to be governed by indigenous people (IGAC, 2021). Any type of 

protected area constitutes an interference in the land rights of indigenous people, and it might be 

difficult to enforce conservation measures. The overlay between the delineated priority areas and 

indigenous lands therefore presents information where indigenous people are impacted by the priority 

areas and vice versa in Colombia. The overlay of officially acknowledged indigenous land with the 

spatial prioritization solution (see Figure 11) is carried exactly as done with the protected area overlay 

(see section 3.6 protected area overlap). The data on the indigenous land areas are accessed from the 

Instituto Geográfico Agustín Codazzi (IGAC, 2021). The total land area of officially acknowledged 

indigenous lands is calculated to be around 325,809 km2. 

 

Figure 11: Overlap of protected area network with indigenous land. Red shading refers to sub-

catchments included in priority areas. Yellow shading refers to officially acknowledged indigenous land: 

a) 20 % target, b) 30 % target, c) 40 % target, d) 50 % target (own illustration) 

a) b) 

c) d) 
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The amount of indigenous lands included in the priority areas of Colombia for each conservation target 

scenario is as follows: for the 20 % target 8.1 % for the 30 % target 11.7 %, for the 40 % target 14.4 %, 

and for the 50 % target 20.3 %. 

The indigenous land is mainly situated in the south of Colombia and in areas with a low HFI (see Figure 

11). Despite that the spatial prioritization minimizes HFI in its solution on the one hand and the large 

extent of indigenous areas in Colombia on the other, the overlap only ranged between 8 % and 20 % 

of the priority areas to fall inside indigenous land. This indicates the same for priority areas in the 

Amazon and Orinoco basin that there a smaller area is efficient for the protection of freshwater 

biodiversity in comparison of the total area (section 4.2 priority areas of Colombian freshwater fish). 

Nevertheless, indigenous people need to be included into any kind of stakeholder dialogues since the 

priority areas overlay in parts with their lands. Additionally, since they overlay especially in remote 

areas, the integration of them is likely to contribute to the enforcement of protected areas in Colombia 

(Bonilla-Mejía & Higuera-Mendieta, 2019).  

5.6 Limitations 

Limitations to the study surround the availability of spatial information about the study area and 

computational limitations. This includes (i) occurrence data of missing fish species listed in the 

Colombian freshwater fish checklist, (ii) additional biological data about freshwater fish and (iii) 

anthropogenic impacts on freshwater systems in the area.  

When comparing the freshwater fish included with complete freshwater fish checklist of Colombia, it 

shows that 270 fish species are not included in the study. This is partially due to missing occurrence 

information in the data sources used in the study and due to structural limitations in the modelling 

procedure. Species, which only occur in less than five sub-catchments, were disregarded in the study 

because the SDM does not have sufficient information to split the data into training and test data. This 

is especially a problem for endemic species with a very limited geographical range of only a few sub-

catchments. With those restrictions such species have a lower chance of being sampled in the first 

place and even if sampled are not included in the study. From the 270 species not included, 150 of 

them are endemic to Colombia (Donascimiento et al., 2017).  

The priority areas delineated in the study represent a first basis to integrate freshwater fish biodiversity 

into systematic conservation planning on the national scale of Colombia. While the human footprint 

index is a useful surrogate for anthropogenic impacts (O. Venter et al., 2016), it does not however, fully 

account for the numerous anthropogenic threats to freshwater biodiversity of the area nor their 

reaction to them. For instance, biological information on migratory patterns or species resilience to 

stress improve the adequacy of the delineated areas. Some migratory freshwater fish of the amazon 
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need large connected areas to fulfill their lifecycle (Goulding et al. 2018). Those aspects are currently 

not reflected in the anthropogenic cost data. For example, information on stream impediments to its 

connectivity by dams, illegal mining activities or threats of invasive species will avoid the delineation 

of priority areas in places where it would be very costly to restore the habitat to a healthy state 

necessary for freshwater conservation (Linke et al., 2019).   

5.7 Future research 

For future research I suggests two lines of action. First to validate the findings of the study through the 

means of field investigations within the delineated priority areas and secondly by improving on the 

studies limitations by the integration of a sensitivity assessment of freshwater fish species into the 

spatial prioritization.  

For example, the sensitivity assessment proposed by (van Treeck et al., 2020) would be able to 

overcome some of the study’s shortfalls. It is based on a ranking matrix of life history traits of fish 

species among them maximum total length, migration type, age at maturity, mortality rates, fecundity 

rates minimum and maximum generation time (van Treeck et al., 2020). This information is used to 

classify fish species after their sensitivity to anthropogenic disturbances and to identify within habitat 

guilds the most sensitive species (van Treeck et al., 2020). The benefit of such an assessment for spatial 

prioritization comes into play when it is carried out before the species distribution modelling. In this 

way it allows to focus on the most sensitive species for each habitat types. This would reduce the 

amount of species data needed to model and it would potentially free resources to fine tune the 

species modelling. Further, the approach of threat-based characteristics would allow to rank 

anthropogenic impacts on different fish species and target those in the data collation phase. This 

improves the spatial prioritization process and overcomes the described limitations of the HFI.    

It would need to be tested in what capacity the sensitivity assessment would provide for more accurate 

and realistic spatial prioritization in Colombia and to allow for a comparison with the findings of this 

study. To do this field research in the priority areas is necessary to validate the results of the spatial 

distribution patterns modeled in the study. The priority areas in this sense act as the guide where to 

focus further ichthyofauna research in Colombia. With many fish species still expected to be discovered 

in the Neotropics such an endeavor will enlarge our understanding of the rich biodiversity of Colombia 

(Albert et al., 2020). 
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6. Conclusions 

The study integrates freshwater fish biodiversity in systematic conservation planning in Colombia to 

designate priority areas that are connected in a spatial area network, representing Colombia’s 

freshwater fish biodiversity within minimal anthropogenic impacted habitats.  

For this purpose, the spatial distribution patterns of fish are continuously modeled throughout the 

study area. The highest species richness is observed along the large streams within the Amazon and 

Orinoco basins. The suitable habitat of endemic and threatened Colombian freshwater fish is to large 

extents found in the Magdalena-Choco and Pacific-Choco basins. The spatial prioritization delineated 

sub-catchments from all macro basins of Colombia. In total between 12.1 % to 32.6 % of the study area 

is needed to meet achieve the conservation from 20 % to 50 % of suitable sub-catchments of 

freshwater fish biodiversity.  A higher number of sub-catchments per species are prioritized in endemic 

rich catchments of the Magdalena-Cauca and Pacific-Choco region. This co-benefit threatened fish 

species in Colombia since they either are endemic or occur in the same suitable habitats. This, 

however, presents challenges to the implementation of freshwater conservation as those two basin 

complexes observe the highest anthropogenic impacts across the study area. Compared to the existing 

protected area network 9.2 % to 28.2 % overlap with the priority areas in Colombia and a similar range 

of 9.2 % to 26.3 % overlap is observed in the wider study area. Locking in the protected area network 

of Colombia into the spatial prioritization strengthens the argument of freshwater biodiversity’s 

inadequate representation in current protected areas, since between 13.7 % to 34.7 % additional land 

is required for conservation, depending on the conservation goal.  Mutual benefits can be achieved in 

the joint conservation of freshwater biodiversity across national borders. Further, the study identified 

that areas governed by indigenous people overlap mainly in remote areas of the Amazon and Orinoco 

basins for which they can play a vital role in the conservation of freshwater systems. Freshwater 

biodiversity is declining and not adequately represented by protected areas in Colombia. This makes 

the integration of freshwater biodiversity into systematic conservation planning to delineate protected 

areas more important than ever. The study is a first, humble step into this direction and can act as a 

baseline or reference scenario for decision makers who are concerned with nature conservation.  
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Appendix 
All relevant scripts used in the study can be found under: https://gitlab.com/Tomictho/sdm-

freshwater-fish-colombia.git  

R scripts and supplementary data are also available upon request. 

Table A1: R packages used in the modelling process 

R package Source 

“raster” (Hijmans, 2020) 

“rgdal” (Bivand, Keitt, & Rowlingson, 2019) 

“maptools” (Bivand & Lewin-Koh, 2019) 

“rgeos” (Bivand & Rundel, 2019) 

“foreach” (Microsoft & Weston, 2020) 

“doParallel” (Microsoft & Weston, 2020) 

“plyr” (Wickham, 2011) 

“dplyr” (Wickham, François, Henry, & Müller, 2020) 

“reshape” (Wickham, 2007) 

“data.table” (Dowle & Srinivasan, 2019) 

“biomod2” (Thuiller et al., 2020) 

“viridis” (Garnier, 2018) 

“RColorBrewer” (Neuwirth, 2014) 

“ggplot2” (Wickham, 2016) 

“ggthemes” (Arnold, 2021) 

“caret” (Kuhn, 2020) 

“scales” (Wickham & Seidel, 2019) 

“prioritizr” (Hanson et al., 2020) 

“readr” (Wickham, Hester, & Francois, 2018) 

“gurobi” (Gurobi Optimization, 2021) 

“RSQLite” (Müller, Wickham, James, & Falcon, 2021) 

“rfishbase” (Boettiger et al., 2012) 

 

  

https://gitlab.com/Tomictho/sdm-freshwater-fish-colombia.git
https://gitlab.com/Tomictho/sdm-freshwater-fish-colombia.git
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Additional figures 

 

Figure A1: Sub-catchment delineation: black color outline of sub-catchments, underlying colors  

represent the macro basins (own illustration) 
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Figure A2: Projected number of different species per single sub-catchment (species richness) 

 

Figure A3: Human footprint index across study area 
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Figure A4: Strahler stream order. a) 20 % conservation target, b) 30 % conservation target, c) 40 % 

conservation target, d) 50 % conservation target  

 

Figure A5: Mean logarithmic flow values in the priority areas and compared to the background 

information across all sub-catchments of the study area  
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