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Summary

Freshwater ecosystems are highly biodiverse and provide essential ecosystem services, yet they
are highly endangered, with approximately one in three freshwater species at risk of extinction due
to human activity. Among other taxa, aquatic insects are a significant component of freshwater
biodiversity. Their immense intrinsic value derives from their status as the most diverse taxonomic
group of animals, encompassing high richness of species and traits and occupying numerous
positions within food webs. Because of their different sensitivities to water pollution, they are
widely used as bioindicators of ecosystem health. However, delineating the global distributions
of aquatic insects has been hindered by the limited availability of species occurrence data and the
lack of scalable hydrographic data processing tools that would allow assessing their environmental
preferences and mapping their populations.

This thesis suggests a novel, open-science approach to assess and map global freshwater biod-
iversity at a high spatial resolution, with an emphasis on aquatic insects. My research aims were
threefold: 1) to create a comprehensive, standardised global dataset of aquatic insect occurrences,
ii) to develop intuitive tools for complex hydrographic data processing and provide reproducible
workflow examples, and iii) to explore the spatial patterns of ecological niche breadths of aquatic
insects at the global scale. Therefore, the thesis is divided into three parts. First, I compiled the
Global EPTO Database by standardising 50 datasets of Ephemeroptera, Plecoptera, Trichoptera
and Odonata georeferenced occurrences at the genus level and attributing them with additional
environmental and topographic information. I mapped the global distributions of aquatic insect
genera, revealing biodiversity hotspots and knowledge gaps across the different regions of the
world. Second, I co-lead the development of the "hydrographr’ R-package, a tool that enables
large-scale freshwater-specific longitudinal connectivity and network analyses, as well as the
processing of numerous types of spatial data. Further, I created reproducible workflows of case
studies that involve species distribution modelling and network distance and connectivity ana-
lyses, aiming to facilitate the use of the package by freshwater ecologists. Third, I explored the

large-scale spatial patterns in the ecological niche breadth of aquatic insects using worldwide
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occurrence records from the Global EPTO Database. The study showed that spatial patterns of
assemblage niche breadth are likely shaped by evolutionary origins and dispersal history of EPTO,
challenging the common assumption that niches are consistently narrower in species-rich tropical
regions.

Overall, this thesis represents a valuable contribution to spatial freshwater biodiversity science
by providing the first comprehensive and standardised global dataset of aquatic insect occurrences,
intuitive tools for complex hydrographic data processing, and novel insights into the spatial
patterns of ecological niche breadth of aquatic insects at the global scale. All three outcomes are
of high importance in freshwater ecological research, not only by tackling knowledge gaps on
global aquatic insect biodiversity distributions, but also by suggesting an integrative approach

that can be applied to other freshwater taxa.



Zusammenfassung

Aquatische Okosysteme weisen eine groBe biologische Diversitit auf und erbringen wichtige
Okosystemleistungen. Dennoch sind sie stark gefihrdet, denn etwa jede dritte SiiBwasserart ist
aufgrund menschlicher Aktivititen vom Aussterben bedroht. Neben anderen Taxa sind Wasse-
rinsekten ein wichtiger Bestandteil der biologischen Diversitidt von Siilwasser. Thr immenser
Wert ergibt sich aus ihrem Status als vielfiltigste taxonomische Gruppe von Tieren, die einen
grofBen Reichtum an Arten und Merkmalen aufweist und zahlreiche Positionen in Nahrungsnet-
zen einnimmt. Da sie unterschiedlich empfindlich auf Wasserverschmutzung reagieren, werden
sie hiufig als Bioindikatoren fiir den Zustand von Okosystemen verwendet. Die Beschreibung
der globalen Verbreitung von Wasserinsekten wurde jedoch durch die begrenzte Verfiigbarkeit
von Daten iiber das Vorkommen von Arten und den Mangel an skalierbaren hydrographischen
Datenverarbeitungswerkzeugen behindert, welche eine Bewertung ihrer Umweltpriferenzen und
Kartierung ihrer Populationen ermdglichen wiirden.

In dieser Arbeit wird ein neuartiger, wissenschaftlich offener Ansatz zur Bewertung und Kar-
tierung der globalen SiiBwasser-Biodiversitidt mit hoher riumlicher Auflosung vorgeschlagen,
wobei der Schwerpunkt auf Wasserinsekten liegt. Meine Forschungsziele waren dreierlei: 1)
die Erstellung eines umfassenden, standardisierten globalen Datensatzes iiber das Vorkommen
aquatischer Insekten, ii) die Entwicklung intuitiver Werkzeuge fiir die komplexe hydrographi-
sche Datenverarbeitung und die Bereitstellung reproduzierbarer Workflow-Beispiele und iii) die
Erforschung der rdumlichen Muster der 6kologischen Nischenbreite aquatischer Insekten auf
globaler Ebene. Daher ist die Arbeit in drei Teile gegliedert. Zunéchst habe ich die globale
EPTO-Datenbank erstellt, indem ich 50 Datensitze von Ephemeroptera, Plecoptera, Trichoptera
und Odonata mit georeferenzierten Vorkommen auf Gattungsebene standardisiert und mit zu-
sitzlichen Umwelt- und topografischen Informationen versehen habe. Diese nutzte ich fiir die
Kartierung der globalen Verbreitung von Gattungen aquatischer Insekten und deckte dabei Hots-
pots der biologischen Diversitit und Wissensliicken in den verschiedenen Regionen der Welt auf.

Zweitens war ich federfithrend bei der Entwicklung des R-Pakets "hydrographr", eines Tools, das
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grof} angelegte, gewisserspezifische longitudinale Konnektivitits- und Netzwerkanalysen sowie
die Verarbeitung zahlreicher Arten rdumlicher Daten ermdéglicht. Dariiber hinaus habe ich repro-
duzierbare Arbeitsablédufe fiir Fallstudien erstellt, die die Modellierung der Artenverteilung und
die Analyse der Netzwerkdistanz und -konnektivitit beinhalten, um die Nutzung des Pakets durch
StiBwasserdkologen zu erleichtern. Drittens untersuchte ich die grofrdaumigen Muster in der
Okologischen Nischenbreite von Wasserinsekten anhand der weltweiten Vorkommensdaten aus
der Global EPTO Database. Die Studie zeigte, dass die riumlichen Muster der Nischenbreite von
Assemblagen wahrscheinlich durch die evolutionédren Urspriinge und die Ausbreitungsgeschichte
von EPTO geprigt sind, was die allgemeine Annahme widerlegt, dass Nischen in artenreichen
tropischen Regionen durchweg schmaler sind.

Insgesamt stellt diese Arbeit einen wertvollen Beitrag zur Erforschung der raumlichen SiiBwasser-
Biodiversitit dar, indem sie den ersten umfassenden und standardisierten globalen Datensatz
tiber das Vorkommen aquatischer Insekten, intuitive Werkzeuge zur Verarbeitung komplexer
hydrographischer Daten und neue Erkenntnisse iiber die rdumlichen Muster der 6kologischen
Nischenbreite aquatischer Insekten auf globaler Ebene liefert. Alle drei Ergebnisse sind fiir die
SiiBwasserdkologische Forschung von groer Bedeutung, da sie nicht nur Wissensliicken iiber
die globale Verbreitung aquatischer Insekten schlielen, sondern auch einen integrativen Ansatz

vorschlagen, der auf andere SiiBwassertaxa angewendet werden kann.



Thesis Outline

This thesis is a cumulative work, consisting of a general introduction (Chapter 1), three public-
ations that have been either published (Chapters 2 and 3), or submitted (Chapter 4) to a peer
reviewed journal and a general discussion (Chapter 5). The general introduction provides back-
ground information, context and the general research aims, as well as specific aims of each chapter.
In the general discussion chapter, I discuss the findings from each chapter in detail and demon-
strate the connections between individual chapters. The references mentioned in Chapters 1 and

5 can be found on page 83.

Chapter 1

General Introduction

Chapter 2
Short title: Global EPTO database
Long title: The global EPTO database: Worldwide occurrences of aquatic insects

Chapter 3
Short title: The hydrographr R package
Long title: hydrographr: an R package for scalable hydrographic data processing

Chapter 4
Short title: Patterns in aquatic insect niche breadths

Long title: Global patterns in niche breadths of aquatic insects

Chapter 5

General Discussion and Conclusions
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Chapter 1

General Introduction

The importance of freshwater biodiversity

Freshwater ecosystems are some of the most biodiverse yet endangered ecosystems in the world.
Covering only 0.01% of the earth’s surface, they are home to one third of all vertebrate species,
including 10,000 fish species that make up 40% of the world’s fish diversity (Dudgeon et al.,
2006). Being highly heterogeneous, freshwater habitats host species that form complex food
webs and ecological interactions. Freshwater species provide a range of important ecosystem
services, including water purification, nutrient cycling, flow regulation and resource provision
for other, terrestrial, species (Lynch et al., 2023). These services are essential for the functioning
of both freshwater and terrestrial ecosystems, as well as for the well-being of human societies.
Moreover, freshwater biodiversity is vital for maintaining the stability and resilience of freshwater
ecosystems (Angeler et al., 2014). In particular, ecological communities composed of organisms
with diverse traits exposed to stressors such as water pollution, climate change, and invasive
species are more likely to respond and recover through distinct mechanisms such as colonisation,
growth, competition, and dispersal (Angeler et al., 2014). Changes in biodiversity of an ecosys-
tem can signal the presence of stressors or disturbances, providing important insights into the
underlying ecological processes and dynamics. Therefore, biodiversity is used as an indicator to
infer the health and integrity of a freshwater ecosystem (Eriksen et al., 2021).

Threats to freshwater biodiversity

Freshwater biodiversity is of immense intrinsic value, yet it is increasingly under threat from
human activities. Approximately one-third of freshwater species are at risk of extinction, with all

taxonomic groups exhibiting a higher extinction risk in freshwater systems compared to terrestrial
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and marine ones (Costello, 2015; WWF, 2022). The Living Planet Index, which monitors popu-
lation trends, reveals a similar pattern of decline. Specifically, the 6,617 monitored populations,
representing 1,398 species of mammals, birds, amphibians, reptiles, and fishes, have declined
by an average of 83%, equivalent to 4% per year since 1970 (Fig. 1.1). The most significant
declines are observed in freshwater amphibians, reptiles, and fishes, and are recorded across all
regions, but particularly in the Neotropical region and the Caribbean (WWF, 2022). Climate
change is having a significant impact on freshwater biodiversity by altering the water temperature,
flow regimes, and thus oxygen availability (Heino et al., 2009; Woodward et al., 2010). River
ecosystems stand out from their terrestrial counterparts because of their unique longitudinal con-
nectivity within a dendritic network structure. This feature means that rivers receive and transmit
downstream all the impacts of the processes occurring within their watersheds. As a result, hu-
man activities such as excessive agricultural runoff, industrial discharge, and domestic waste can
have severe consequences for river ecosystems. These activities often lead to water pollution,
which has been linked to the mortality of aquatic organisms and the disruption of food chains
(Liess et al., 2021). Habitat over-exploitation and destruction, such as deforestation, mining, and
urbanisation, can also lead to the loss of habitats for freshwater species (Dala-Corte et al., 2020;
Lima et al., 2022; Reid et al., 2019). In addition, freshwater biodiversity is particularly vulnerable
to the disruption of river connectivity and thus habitat fragmentation caused by dam construction.
Dams can block the movement of aquatic organisms, alter water flow and temperature, and thus
oxygen availability in the water, fragment habitats and isolate populations (Barbarossa et al.,
2020). Finally, artificially established routes of global commerce and the accompanying transfer
of living organisms have facilitated biological invasions of introduced or exotic species (Levine
& D’ Antonio, 2003), which in many cases have led to extinctions of native species (Havel et al.,
2015).

The isolated nature of freshwater habitats has resulted in the development of numerous species
with limited geographical distributions, often confined to a single lake or drainage basin (Collen
et al., 2014; Dudgeon et al., 2006; Rossiter & Kawanabe, 2000). A high proportion of these
species are endemic to their environments and unique to the freshwater realm (Reid et al., 2019).
Moreover, many small-sized freshwater species, such as many freshwater zooplankton taxa (e.g.,
Jenkins, 1995) and some orders of aquatic macroinvertebrates (Bilton et al., 2001), have low
dispersal rates. For instance, the daily upstream movement of benthic invertebrate larvae has
been estimated to be 0-10 m, whereas lateral distances covered by flying adults are generally less
than 1 km (Parkyn & Smith, 2011). While some odonate adults are known for their large-scale
migrations (May, 2013), others exhibit high levels of territoriality and very limited dispersal (e.g.,



McPeek, 1989). These taxa are therefore less likely to respond to climatic shifts or alterations in
flow regimes through dispersal and colonisation of new habitats (Kopf et al., 2017; Reid et al.,
2019). However, high dispersal ability does not always ensure higher resilience to anthropo-
genic threats. For example, it has been shown that large aquatic mammals with higher dispersal
capacities, such as freshwater dolphins, are more vulnerable to disruptions of connectivity by
dams, which restrict gene flow (Sanders et al., 2024). In general, it has been postulated that
aquatic species that are limited to dispersal within stream networks face a higher vulnerability
to climate change compared to those with semi-terrestrial or aerial dispersal abilities (Bush &
Hoskins, 2017).

—
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Figure 1.1: The Freshwater Living Planet Index (WWF, 2022). The Living Planet Index (LPI) values for
freshwater populations from 1970 to 2018, with 95% confidence intervals shown in shaded areas. Image
derived from WWF (2022).

Mapping global freshwater biodiversity

In order to better conserve and manage freshwater ecosystemes, it is crucial to comprehensively
understand the dynamics and functioning of these systems and the aquatic life they support,
as well as their interplay with human activities. In a broader context, this requires a cross-

disciplinary approach that combines expertise from disciplines such as ecology, evolutionary
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biology, hydrology, geography, law and social sciences (De Meester & Declerck, 2005; van Rees
etal., 2023). A critical first step and minimum requirement for assessing biodiversity is identifying
the species that inhabit a given area and how their populations are distributed in space. However,
biodiversity assessments are often hindered by knowledge gaps that have been described as the
Linnean, Wallacean and Hutchinsonian shortfalls in biodiversity (Hortal et al., 2015; Lomolino
et al., 2004). The Linnean shortfall refers to the fact that there is a vast number of species on Earth
that remain undescribed, whereas the Wallacean shortfall refers to the incomplete understanding
of most species’ geographical distributions (Lomolino et al., 2004). Finally, the Hutchinsonian
shortfall stems from the lack of knowledge on ecological niches of species, that represent their
environmental preferences (Hortal et al., 2015).

Within this scope, spatial freshwater biodiversity science provides essential tools for un-
derstanding the spatial distribution patterns of freshwater biodiversity. Knowledge of species
distributions can offer insights about species richness and range restrictedness, and is therefore
considered one of the Essential Biodiversity Variables (EBVs) for biodiversity monitoring (Jetz
et al., 2019). Given the transboundary nature of freshwater systems and the widespread impacts
of global change, assessing distribution patterns at a global extent is highly relevant. For instance,
mapping biodiversity hotspots, vulnerability zones, and areas with significant knowledge gaps at
a global scale can help identify and address global inequalities in freshwater biodiversity conser-
vation. In a recent study, Sanchez-Campaifa et al. (2023) mapped the recently described aquatic
insect species across Europe and found that a high number of them occurred in less-frequently
sampled intermediate altitudes and outside of protected areas, indicating that a considerable part
of freshwater biodiversity still remains taxonomically undescribed. By taxonomically identifying
and delineating the geographic distribution of freshwater species and the threats they face, we
can prioritise conservation efforts and allocate resources more effectively. Moreover, recognizing
the geographically asymmetric impact of global change can inform more equitable conservation
policies (Amano & Sutherland, 2013; Tydecks et al., 2018). In this context, spatial freshwater
biodiversity science is increasingly relevant to improve management and conservation efforts

within a cross-disciplinary approach (Geist, 2011; Hermoso et al., 2022; Maxwell et al., 2020).

Aquatic insects

While fish and other vertebrates are often the focus of global-scale studies of freshwater biod-
iversity (Tedesco et al., 2017), macroinvertebrates have received less attention. Among macroin-
vertebrates, aquatic insects are a highly diverse and ecologically important group of organisms,

as they occupy multiple positions in freshwater food webs, serving as both predators and prey.



Many freshwater insect species have narrow geographic ranges and are highly sensitive to envir-
onmental changes, making them particularly vulnerable to the impacts of climate change (Birrell
et al., 2020; Conti et al., 2014; Hering et al., 2009) and habitat degradation (Brasil et al., 2020).
In particular, the aquatic stages of the orders Ephemeroptera (mayflies), Plecoptera (stoneflies),
Trichoptera (caddisflies), and Odonata (including Anisoptera, or dragonflies and Zygoptera, or
damselflies), commonly referred to as EPTO (Fig. 1.2), have different sensitivities to water
pollution and are thus used as indicators of water quality and ecosystem health, within official
monitoring tools such as the Water Framework Directive (WFD; Directive 2000/60/EC).

Nonetheless, according to the International Union for Conservation of Nature (IUCN) criteria,
33% of the known EPTO species are considered threatened due to global change (Sdnchez-Bayo
& Wyckhuys, 2019). Furthermore, their extinction rate, which refers to the percentage of species
not observed in over 50 years, is estimated to be around 9% (Sanchez-Bayo and Wyckhuys,
2019; Table 1). The factors driving the spatial distributions of these taxa at the global scale have
been traced back to their evolutionary origins (Garcia-Gir6dn et al., 2024), biogeographic history
(Grigoropoulou et al., 2022; Heino et al., 2018), dispersal limitation (Altermatt et al., 2013),
current environmental filtering (Heino, 2009; Heino et al., 2015; Vinson & Hawkins, 2003a) and
local biotic interactions. However, given the lack of environmental data at high resolution at the
global scale and the fact that new taxa are being continuously described, the Wallacean shortfall is
still pertinent for aquatic insects. This knowledge gap can potentially hinder efforts in biodiversity
conservation, further ecological research, and environmental management (Garcia-Girén et al.,
2023). For instance, in order to predict how aquatic insect species would be affected by climate
change, we should first delineate their present-day distributions and assess how these are shaped
by present-day and past ecological and biogeographic processes. To achieve this, it is crucial
to openly share and standardise aquatic insect datasets that have been scattered and disparate
up until now and assess the macroecological patterns of their distributions (Garcia-Girén et al.,
2023).

Macroecology in freshwaters

The findings of macroecological studies on aquatic insect biodiversity can be used to inform
spatial conservation planning and the effective management of freshwater ecosystems. Macroeco-
logy is a discipline of ecology that investigates the large-scale patterns, processes, and emergent
properties of biodiversity (Brown & Maurer, 1989; Lawton, 1999), with scale defined along three
primary axes: time, space, and taxonomy (Brown, 1999; McGill, 2019). For instance, a focus

of macroecology is investigating latitudinal gradients of biodiversity, namely how biodiversity
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Figure 1.2: Individuals of the four orders of aquatic insects in which the thesis focuses. a) Eph-
emeroptera adult, b) Ephemeroptera larva, c) Plecoptera adult, d) Plecoptera larva, e) Trichoptera
adult, f) Trichoptera larva, g) Anisoptera (Odonata) adult, h) Anisoptera (Odonata) larva, g) Zy-
goptera (Odonata) adult and c) Zygoptera (Odonata) larva. Sources: a) Michael Francis, Earth
Scenes, Nat Geo Image collection, b) https://mdc.mo.gov/discover-nature/field-guide/mayfly-larvae, c)
https://www.hatchpedia.com/Learn/Stonefly, d) https://mdc.mo.gov/discover-nature/field-guide/stonefly-
larvae, e) iStockphoto/Thinkstock, credit: gegeonline, f) Search image with caddisfly larva | © shutter-
stock_1239227623, g,i) Yusdiel Torres-Cambas, h,j) Christophe Brochard



changes with latitude. Historically, research has focused on patterns of species richness, which
generally increases from the poles to the tropics for most taxonomic groups and geographical
settings (Brown, 2014; Gaston, 2000). However, the form of the gradient varies for different taxa
and scales, and latitudinal gradients have not been consistent through time. For instance, species
richness may increase towards the equator in colder geological periods, such as the Paleozoic
and the past 30 million years, but temperate zones hosted more species during warmer climatic
periods, affecting present-day species distributions as well (Mannion et al., 2014). The mech-
anisms contributing to these gradients are still debated, and understanding them is crucial for
designing global conservation strategies, especially given concerns about a potential sixth mass
extinction. In addition, macroecology has made significant contributions to the development of
ecological theory, methodologies for assessments and future projections of biodiversity, and data
accessibility, while also addressing knowledge gaps. These advances have been instrumental in
developing conservation science and engaging with policy makers, media, and the public (Santini
et al., 2021). For instance, macroecological theory on the relationship between the realised niche,
i.e. the species’ environmental requirements, and species’ distributions has led to the develop-
ment of modelling methods which are widely used to predict species distributions and inform

conservation planning (e.g., Segurado & Aratjo, 2004).

22

Figure 1.3: Global species richness of freshwater mammals, amphibians, reptiles, fishes, crabs and crayfish.
Darker colours indicate increasing species richness with <4 to >76 species at 1°spatial resolution (ca. 100
km). Image derived from Collen et al. (2014).
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Introducing the ecological niche breadth

The range of environmental conditions in which species thrive, referred to as “niche breadth”, can
have significant implications for the response of species to climate change (Thuiller et al., 2005)
as well as for the potential dispersal of invasive species (Olsson et al., 2009). In a cross-taxon
literature review, narrow niche breadth was found to be associated with an increased extinction
risk in over 80% of the studies analysed (Colles et al., 2009). Determining the characteristics
that make species vulnerable to extinction is a fundamental goal of conservation biology. For
instance, Rosenblad et al. (2019) examined the realised, fundamental, and tolerance niches of
species, suggesting to prioritise the conservation of areas that fall within the realised niches of
target-species. While range size, or the spatial extent over which a species occurs or is found,
may be a reasonable surrogate for niche breadth in conservation planning, studies have shown
that narrow niche breadth is associated with extinction risk in insectivorous bats, independent of
range size (Boyles & Storm, 2007). Threatened butterfly species also exhibit narrow adult habitat
niche breadth and poor dispersal ability, translating into a narrow range size (Kotiaho et al., 2005).
Moreover, human activities may reduce species ranges, therefore species may be more resilient
than what is suggested by their current distribution patterns (Faurby & Aragjo, 2018).

However, niche breadth is often overlooked in widely used vulnerability criteria such as the
IUCN Red List, which instead focus on geographic range size, population trends, and viability
(Yu & Dobson, 2000). The challenge of measuring niche breadth stems from the fact that it entails
more than the mere sampling of species populations, as it requires the collection and analysis of
data on habitat preference and/or functional traits. Therefore, such comprehensive vulnerability
assessments have been rare, not least in the freshwater realm (but see Olsen et al., 2022; Rocha-
Ortega et al., 2020 for examples on Odonata). To enable such efforts, it is essential to openly
share data on freshwater species distributions, develop tools that will enable freshwater-specific
spatial analyses and assess large-scale spatial patterns of species’ niche breadth, that could serve

as a baseline of vulnerability assessments.

High resolution, global scale analyses

There have been several efforts to quantify patterns of freshwater species distributions at a global
scale (Collen et al., 2014; Vinson & Hawkins, 2003b). However, a compromise between the
spatial extent and the spatial resolution of the data used is often made in global-scale studies.
Species occurrence data is usually aggregated in spatial units that are larger than the size that is

relevant for drawing conclusions on species’ ecology or for conservation planning (Hermoso &



Kennard, 2012). In the freshwater realm, the spatial unit that is most relevant for ecological as-
sessments is the subcatchment, namely the land area surrounding a single stream that contributes
to the local flow accumulation of the stream (Domisch et al., 2015). When modelling freshwater
ecosystems, using subcatchments rather than regular grid cells as the spatial unit offers several
advantages: it allows for the use of high-resolution predictors (<100 m grid size) that capture local
environmental conditions, resulting in more spatially accurate predictions in species distribution
models (SDMs) (Kuemmerlen et al., 2014). The subcatchment modelling unit inherently con-
siders the environmental factors that shape freshwater ecosystems and enables the incorporation
of the cumulative effect of the upstream landscape on each stream reach (Domisch et al., 2015).
Moreover, using subcatchments as management units aims to protect the integrity and function of
ecosystem processes occurring at the subcatchment scale (Klein et al., 2009; Mackey et al., 2008).
Finally, using subcatchments as management units consists of a way to integrate freshwater and
terrestrial conservation planning, which are typically treated independently (Klein et al., 2009;
Tetzlaff et al., 2007).

When hydrographic datasets of a coarse spatial resolution are used, smaller subcatchments
are aggregated into larger ones. This leads to species occurrences and environmental predictors
being aggregated into larger units, which can lead to inaccuracies in biodiversity metrics. Given
that the influence of abiotic factors on species distributions is scale-dependent (Chave, 2013), the
level of aggregation, or model resolution, influences the statistical relationships between species
occurrences and environmental predictors. Consequently, model outputs heavily rely on the spa-
tial scale and resolution of the model (Friedrichs-Manthey et al., 2020). This source of statistical
uncertainty in spatial analyses is known as the modifiable area unit problem (MAUP) (Jelinski
& Wu, 1996). One way to tackle the MAUP is to build models at several spatial resolutions,
including the finest resolution possible. For instance, it has been shown that the most influencing
predictor for the distribution of freshwater fish species at coarser scales is topography, followed by
climate at intermediate scales and hydrology at the finest subcatchment scale (Friedrichs-Manthey
et al., 2020). This highlights the importance of incorporating fine scale hydrological predictors
in species distribution modelling.

Nonetheless, in the absence of high-resolution environmental, hydrographic as well as species
occurrence data, the aforementioned global-scale studies (Collen et al., 2014; Vinson & Hawkins,
2003b) yielded biodiversity estimates at coarse spatial resolution. For instance, the latest and
most extensive review of diversity patterns, threats, and endemism of freshwater mammal, reptile,

amphibian, fish, crab and crayfish species was based on expert species range information (Collen
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et al., 2014), which is usually available at a spatial resolution of over 200 km (Fig. 1.3). This can
substantially impact conservation planning decisions (Abell et al., 2017).

In December 2022, the Kunming-Montreal Global Biodiversity Framework was adopted by
over 190 countries, aiming to reverse habitat and species loss through 23 targets. The most sig-
nificant target, known as "30x30," aims to effectively protect and manage 30% of the world’s
terrestrial, inland water, and coastal and marine areas by 2030, making it the largest conservation
commitment globally (Campaign for Nature, 2024). Concerning freshwater ecosystems, drainage
basins are natural units ideal for structuring conservation planning, since they integrate ecolo-
gical and social dimensions (Moravek et al., 2023). Conservation at the basin scale is crucial
because rivers are the receivers of both terrestrial and freshwater upstream processes. Basin-based
conservation broadens initiatives to include both terrestrial environments and their downstream
effects on freshwater systems (Howard et al., 2018). Given that basins are delineated at vari-
ous spatial scales, conservation efforts can be implemented at the most relevant scale depending
on the case. For instance, protecting larger basins can help restore river network connectivity
and enable long-distance migrations for freshwater species (Sanders et al., 2024). On the other
hand, small subcatchments are particularly important as they can protect movement corridors
for terrestrial species and maintain connectivity between habitat patches (Hilty & Merenlender,
2004). Further, small subcatchments of headwater streams, which are estimated to account for
the 80% of the total stream network length (Barmuta et al., 2009), often harbor high and unique
biodiversity (Finn et al., 2011). However, when using coarse-resolution hydrographic datasets,
such information is lost, resulting in inaccurate estimates of the actual biodiversity.

The uncertainties that are introduced by using a coarser spatial scale in such assessments can
be misleading for the conclusions of basic ecological research, while they can also result in less
effective management plans. For example, an older extensive evaluation of the effectiveness of
freshwater protected areas revealed that the "Aichi target 11" of 17% protection of inland wa-
ters, as established by the Convention on Biological Diversity (CBD), was not being met when
measured in stream length (Abell et al., 2017). However, this approximation might not be real-
istic, since small headwater streams were missing from the underlying data. Smaller streams and
intermittent streams are similarly omitted in the delineation of Key Biodiversity Areas (KBAs;
Eken et al., 2004), which are sites of global significance for conservation. KBAs differentiate
catchments based on their vulnerability and irreplaceability potential using standardised quantit-
ative criteria. However, these criteria have only been implemented at coarse spatial resolutions
for freshwater ecosystems, e.g. for catchments delineated at 10km in Europe (Szabolcs et al.,
2022) and in Canada (Tognelli et al., 2017) or regular grid cells of 25km globally (Farooq et al.,
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2023), introducing uncertainties that could potentially impede freshwater conservation planning
(Hermoso & Kennard, 2012).

Spatial hydrographic data processing tools

Studying freshwater species distributions at a global extent, within an ecologically relevant res-
olution, has been recently facilitated by the increasing availability of environmental variables
(e.g., CCI, ESA, 2017; Karger and Zimmermann, 2019) as well as the emergence of a novel
global hydrographic dataset at a 90m spatial resolution (Amatulli et al., 2022). In particular,
Hydrography90m is a globally seamless, standardized hydrographic network that has been delin-
eated with a minimum upstream contributing area of 0.05 km? used to initiate a stream channel,
allowing to precisely capture even small headwater stream channels. This has resulted in the
delineation of 1.6 million drainage basins and 726 million stream segments with their corres-
ponding subcatchments. Hydrography90m further includes stream topographic variables such as
slope, gradient, length, and curvature, as well as stream topological variables that enable network
routing and stream order classifications.

Yet, we cannot overlook the computational burdens of processing high-resolution spatial data
at such a large scale. Geographic information system (GIS) tools and workflows that are needed
to analyse this unprecedented quantity of hydrographic and environmental data are complex
and often non-trivial to use for freshwater ecologists (Ver Hoef et al., 2014). The reason for
that is that the connectivity between stream locations leads to significant spatial autocorrelation
within the stream network, which needs to be accounted for in biodiversity analyses (Heino et al.,
2017). In particular, freshwater ecosystems are largely defined by the conditions in their upstream
environment, meaning that any organism living in a freshwater habitat relies on the environmental
features that are upstream of that location. This results in an increasing amount of data that need
to be processed when studying freshwater biodiversity.

Moreover, to effectively address the pressuring changes in biodiversity under global change,
it is crucial to adopt open science practices. Open-science approaches promote transparency,
collaboration, and data sharing among both researchers and stakeholders (Mons, 2018). Repro-
ducible workflows and data, when published, can be synthesized to solve complex problems that
would otherwise be out of scope for individual working groups. In addition, when researchers
have access to tools and data, independently of the financial background of their institutions,
research is more likely to be enriched by more diverse and inclusive perspectives. Therefore,

spatial freshwater biodiversity science needs to be informed not only by both comprehensive
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and high-resolution datasets but also by scalable and intuitive tools that are widely accessible to

freshwater ecologists.

Scope and structure of the thesis

This thesis suggests a novel, open-science approach to assess and map global freshwater biod-
iversity at a high spatial resolution, with a focus on aquatic insects. The research aims were
threefold (Fig. 1.4): i) provide a comprehensive, standardised global dataset of aquatic insect
occurrences; ii) develop intuitive tools for complex hydrographic data processing, as well as
reproducible workflow examples; iii) explore the spatial patterns of ecological niche breadths of

aquatic insects at the global scale.

Work packages

Chapter 3:
Development of the “hydrographr”
R package to integrate
hydrographic, environmental and
biclogical data

Chapter 2:
Compilation of a database
of worldwide aquatic
insect occurrences

Analysis

Chapter 4:
Assessing spatial patternsin
niche breadth of aquatic insects
at a global scale

Figure 1.4: Overview scheme of the dissertation’s work packages and resulting chapters. The arrows
demonstrate connections between the work packages.

In Chapter 2, I created the Global EPTO Database (Grigoropoulou et al., 2023), by standard-
1sing 50 datasets of aquatic insect georeferenced occurrences belonging to the orders Ephemerop-
tera, Plecoptera, Trichoptera and Odonata (EPTO) at the genus level, derived from 92 researchers
around the world along with public data repositories. I validated the taxonomy and geographical
position of the occurrences and attributed the occurrences with additional information such as
the elevation at the location of the occurrence, the IDs of the corresponding freshwater spatial
units, i.e. basins and subcatchments of the Hydrography90m (Amatulli et al., 2022), as well as
information on the protection status (IUCN, 2022) and freshwater ecoregion (sensu Abell et al.,

2008) of the location. Further, I created maps depicting the numbers of occurrence records and
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genera worldwide and yielded descriptive statistics of the occurrences in the database, highlight-
ing biodiversity hotspots and knowledge gaps at the global scale. This work was the first effort to
create a global dataset of and map aquatic insect occurrences at the global scale.

In Chapter 3, I co-led the development of the ‘hydrographr’ (Schiirz et al., 2023), an R-
package for scalable hydrographic data processing that provides functions for downloading, pro-
cessing, and extracting information from the Hydrography90m dataset (Amatulli et al., 2022).
The package enables large-scale freshwater-specific longitudinal connectivity and network ana-
lyses while it can further be used for processing other types of non-freshwater spatial data, such
as cropping and merging raster and vector layers, point-raster extraction, and data aggregation.
‘hydrographr’ is based on the seamless integration of different programming languages and open-
source software of the Linux environment, but can also be used by Windows users within the R
environment. Moreover, the chapter includes two workflows to illustrate the functions, focusing
on freshwater species distribution modeling and assessing stream connectivity given fragment-
ation by dams. The package is maintained on GitHub and is being continuously expanded. It
represents an effort to make powerful command-line tools with a steep learning curve accessible
to freshwater ecologists, while providing reproducible and scalable workflow examples.

In Chapter 4, I explored the large-scale spatial patterns in the niche breadth of aquatic insects
using worldwide occurrence records from the Global EPTO Database (Chapter 2). I constructed
the ecological niches of Ephemeroptera, Plecoptera, Trichoptera and Odonata (EPTO) genera
based on bioclimatic, topographic, and soil consistency variables and tested MacArthur’s latitude-
niche breadth hypothesis of increasing niche breadth with increasing latitude. This study showed
that spatial patterns of assemblage niche breadth are likely shaped by the evolutionary origins
and dispersal history of EPTO, challenging the assumption that niches are consistently narrower
in species-rich tropical regions. The study is novel in the field of macroecology, being the first
effort to assess the global-scale patterns in the niche breadth of aquatic insects.

In Chapter 5, I summarise key findings from the previous chapters and discuss their implic-
ations for spatial biodiversity science and conservation. Finally, I provide recommendations
for future research regarding sampling effort worldwide, data availability and macroecological

studies.
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Abstract

Motivation: Aquatic insects comprise 64% of freshwater animal diversity and are
widely used as bioindicators to assess water quality impairment and freshwater eco-
system health, as well as to test ecological hypotheses. Despite their importance, a
comprehensive, global database of aquatic insect occurrences for mapping freshwater
biodiversity in macroecological studies and applied freshwater research is missing.
We aim to fill this gap and present the Global EPTO Database, which includes world-
wide geo-referenced aquatic insect occurrence records for four major taxa groups:
Ephemeroptera, Plecoptera, Trichoptera and Odonata (EPTO).

Main type of variables contained: A total of 8,368,467 occurrence records globally,
of which 8,319,689 (99%) are publicly available. The records are attributed to the cor-
responding drainage basin and sub-catchment based on the Hydrography90m dataset
and are accompanied by the elevation value, the freshwater ecoregion and the pro-
tection status of their location.

Spatial location and grain: The database covers the global extent, with 86% of the
observation records having coordinates with at least four decimal digits (11.1 m preci-
sion at the equator) in the World Geodetic System 1984 (WGS84) coordinate refer-
ence system.

Time period and grain: Sampling years span from 1951 to 2021. Ninety-nine percent
of the records have information on the year of the observation, 95% on the year and
month, while 94% have a complete date. In the case of seven sub-datasets, exact

dates can be retrieved upon communication with the data contributors.
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1 | INTRODUCTION

Freshwater ecosystems account for less than 0.01% of the Earth's
surface, yet they play a vital role in the survival of people and wild-
life (Gleick, 1998). Besides supporting the various human needs for
freshwater use, freshwater bodies consist of numerous habitats nat-
urally exchanging organisms, matter and resources, while hosting
approximately 10% of the world's biodiversity. However, persistent
and ever-increasing anthropogenic disturbance has placed them
among the most endangered habitats in an ongoing global fresh-
water biodiversity crisis (IPBES, 2019; Living Planet Report, 2022;
Tickner et al., 2020). The need for mitigation and conservation ef-
forts focusing on inland waters and their biodiversity is thus becom-
ing increasingly urgent (Maasri et al., 2022; Reid et al., 2019; Tickner
et al., 2020; van Rees et al., 2021).

Knowledge of the spatio-temporal distributions of aquatic insects is
vital for assessing water quality and overall ecosystem health (Bonada
et al., 2006; Eriksen et al., 2021). In particular, given that the aquatic life
stages of mayflies (Ephemeroptera), stoneflies (Plecoptera), caddisflies
(Trichoptera), as well as dragon- and damselflies (Odonata), hereafter
referred to as EPTO, have different sensitivities to water pollution and
habitat degradation (Schmidt-Kloiber & Hering, 2015), the occurrence of
these orders in an ecosystem is commonly used as an indicator of over-
all water quality and, therefore, can also be considered relevant for con-
servation planning (Bonada et al., 2006; Eriksen et al., 2021). In addition,
these groups are useful surrogates for whole macroinvertebrate assem-
blages in terms of species richness estimates (Brito et al., 2018; Martins
etal., 2022). Many EPTO feed on algae and/or decaying organic matter,
while some species are predators. Moreover, they are prey to other or-
ganisms, such as fish and birds. They occupy multiple positions in food
webs, and through leaf litter decomposition, contribute to nutrient trans-
port between habitats (Macadam & Stockan, 2015; Schmidt-Kloiber &
Hering, 2015; Wallace & Webster, 1996). Consequently, changes in the
diversity and abundances of aquatic insects affect both terrestrial and
other aquatic organisms (Sullivan & Manning, 2019). Moreover, these

insect orders highly contribute to freshwater taxonomic, phylogenetic

Major taxa and level of measurement: Ephemeroptera, Plecoptera, Trichoptera and
Odonata, standardized at the genus taxonomic level. We provide species names for
7,727,980 (93%) records without further taxonomic verification.

Software format: The entire tab-separated value (.csv) database can be downloaded
and visualized at https://glowabio.org/project/epto_database/. Fifty individual data-
sets are also available at https://fred.igh-berlin.de, while six datasets have restricted

access. For the latter, we share metadata and the contact details of the authors.

aquatic insects, biodiversity, Ephemeroptera, freshwater ecosystems, global dataset,
observation records, Odonata, Plecoptera, species distributions, Trichoptera

and functional biodiversity as they are among the most diverse in terms
of number of species and functional trait variation (Dijkstra et al., 2014).
However, 33% of known EPTO species are characterized as threatened
according to International Union for Conservation of Nature (IUCN)
criteria due to global change, while the extinction rate (i.e., percent of
species not observed in over 50years) is estimated to be around 9% (see
table 1 in Sanchez-Bayo & Wyckhuys, 2019). The conflicting evidence
on the spatio-temporal patterns of their populations at the global scale
(Jahnig et al., 2021; van Klink et al., 2020; van Klink et al., 2021) calls for
additional efforts in assessing their distributions worldwide that could
effectively guide the implementation of conservation strategies (Maasri
etal., 2022).

An inventory of EPTO observation records at the global scale
is of high importance, as it would enable further analyses on bio-
diversity patterns from both theoretical and applied perspectives
(Collen et al., 2014). In previous years, considerable efforts have
been made towards this aim with, for example, the Distribution Atlas
of European Trichoptera (DAET; Neu et al., 2018; Schmidt-Kloiber
et al., 2017), the CONUS database for the contiguous United States
(Twardochleb et al., 2021) and Macro-MED for macroinvertebrates
of mediterranean countries (Blanco-Garrido et al., 2013), as well as
online repositories such as Odonata Central (https://www.odona
tacentral.org/; Abbott, 2018) the Atlas of Living Australia (ALA;
http://www.ala.org.au) and the Global Biodiversity Information
Facility (GBIF.org, 2020). However, these are either focused on one
taxonomic order (e.g., DAET for caddisflies, Odonata Central for
dragon- and damselflies) or cover subcontinental and continental
scales (e.g., DAET in Europe, CONUS in the USA, ALA in Australia).

The majority of studies on the macroecology of freshwater insects
has focused on regional or continental scales (Altermatt et al., 2013;
Boyero et al., 2014; Grigoropoulou et al., 2022; Heino, 2011; Kaelin
& Altermatt, 2016; Simaika et al., 2013), while worldwide macroeco-
logical assessments and meta-analyses remain scarce (but see Heino
et al., 2015). Moreover, global analyses have been mainly based on
compiled data drawn from individual publications, constantly high-

lighting the need for more detailed information on invertebrate species
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distributions (Collen et al., 2014; Vinson & Hawkins, 2003). Species
distribution models are now increasingly used to predict aquatic mac-
roinvertebrate distributions at regional scales (Bush et al., 2014; Dias-
Silva et al., 2021; Domisch et al., 2013; Kaelin & Altermatt, 2016; Nieto
etal., 2017). These could greatly benefit from more occurrence records
and larger-scale data, as manifested in Sanchez-Fernandez et al. (2011)
over a decade ago, not least to decrease geographic and environmental
sampling biases. Overall, the Global EPTO Database aims to fill these
gaps, assisting future studies to disentangle broad-scale spatial pat-
terns and determinants of insect distributions and detect biodiversity

hot- and coldspots across the world.

2 | METHODS

2.1 | Data acquisition

The Global EPTO Database is a comprehensive compilation of hetero-
geneous data sources. As well as the 93 co-authors who contributed
with occurrence records via personal communication up to the end
of 2021, our database has also been supported by many researchers
and taxonomists who contributed to parts of databases, such as the
DAET (Neu et al., 2018; Schmidt-Kloiber et al., 2017), the CONUS
database covering the contiguous USA (Twardochleb et al., 2021),
Mayflies of South America (Dos Santos et al., 2018; Molineri
et al., 2020), and Macro-MED (Blanco-Garrido et al., 2013), as well
as the public databases GBIF (2020) and ALA (http://www.ala.org.
au). Overall, we collated an initial number of 10,069,801 occurrence
records, comprising any georeferenced data on EPTO records that
had been made available until December 2021.

2.2 | Quality control

2.21 | Taxonomy

We standardized the database at the genus level. We validated and
complemented the taxonomic classification of the occurrence re-
cords using the package “taxize” v.0.9.99 in R (R Core Team, 2020),
which interacts with the Integrated Taxonomic Information System
(ITIS) and the National Center for Biotechnology Information (NCBI)
databases to verify genus names and correct spelling, as well as
to obtain taxonomic hierarchies (Chamberlain & Szécs, 2013). For
cases in which names were not found in these databases because
of misspellings or database deficiencies, we manually verified
them through online sources, such as the Catalogue of Life (Banki
et al,, 2022), Zootaxa (http://www.biotaxa.org), the Encyclopedia
of Life (https://eol.org/), and primary publications. We also provide
the binomial nomenclature regarding species names, available for
7,727,980 (93%) records, without further taxonomic verification
because of heterogenous country-level checklists. Overall, we dis-
carded 837,603 records of non-EPTO orders and records lacking

genus names.

and Biogeography

2.2.2 | Dates

We included records taken between 1951 and 2021 in the database
and harmonized the sampling dates to the yyyymmdd format in R,
split into separate columns of year, month and day. We removed re-
cords with a date format that impeded the differentiation between
month and day (e.g., 03082000) or with a year later than 2021.
Additionally, we removed records lacking year information, with the
exception of the dataset “Mayflies of South America” (Nieto et al.,
2022), for which we kept the year range 1970-2019. In total, we dis-
carded 331,585 records with inconsistent date information.

2.2.3 | Coordinate treatment

We transformed all coordinates to the World Geodetic System
1984 (WGS84) coordinate reference system using the package
“sp” in R (Bivand et al., 2013). We approximated the spatial preci-
sion of records using the number of decimal digits of the coordi-
nates. We counted the decimal digits using the function “format.
info” in R, taking 10 digits into account. Subsequently, we evalu-
ated the validity of the records' coordinates through the package
“CoordinateCleaner” by using geographic gazetteers to identify
possibly erroneous sets of coordinates or imprecise records, which
are common in biological collections (Zizka et al., 2019). We dis-
carded records with zero or equal latitude and longitude coordinate
attributes and coordinates assigned to the location of biodiversity
institutions or universities, instead of exact sampling locations. We
fixed swapped coordinates manually. In contrast, we flagged coor-
dinates that were assigned to country centroids, capitals as well as
cases of coordinate-country mismatches with the value “1” in the
corresponding columns cen_fl (centroid), cap_fl (capital), coun_fl
(country), else we assigned the value “0” in these columns. Finally,
we treated coordinates located in the sea following the procedure
described in Section 2.3. Overall, we discarded 504,607 records

with invalid coordinates.

2.3 | Integration with the Hydrography90m dataset
We attributed the EPTO occurrence records to their correspond-
ing hydrographic units at two spatial scales, namely the drainage
basin and sub-catchment, as delineated in the Hydrography90m
dataset (https://hydrography.org/hydrography90m/hydrograph
y90m_layers/; Amatulli et al., 2022). In Hydrography90m, a drain-
age basin is defined as any area of land where precipitation is col-
lected and drained into a common outlet, either into the sea or into
an inland depression. Further, every basin is divided into smaller
sub-catchments, each of them representing the land area between
two stream segment nodes that contributes to the local flow ac-
cumulation of a given stream segment (Amatulli et al., 2022).
Every drainage basin and sub-catchment worldwide holds a sepa-
rate, unique ID. By combining the Global EPTO Database with the
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Hydrography90m dataset, we aimed to yield global statistics re-
garding the number of observation records and unique genera per
drainage basin.

Moreover, we acquired the elevation value of every record's lo-
cation based on the Multi-Error-Removed Improved-Terrain DEM
(MERIT) Hydro digital elevation model (DEM), which is the most
accurate, globally seamless, 3 arc-second resolution (~90m at the
equator) DEM to date (Yamazaki et al., 2019).

For cases in which sea coordinates were located within a 10-km
radius off the coast or of an island, we attributed/snapped them
to the closest sub-catchment using the function “r.stream.snap” in
Geographic Resources Analysis Support System (GRASS GIS) ver-
sion 7.8 (GRASS Development Team, 2008), or else we discarded the
record. We snapped 62,498 points in total.

2.4 | Integration with the Freshwater
Ecoregions of the World and the World Protected
Areas datasets

We assigned the ID of the corresponding freshwater ecoregion
to each record using the Freshwater Ecoregions of the World
dataset (FEOW, Abell et al., 2008), after rasterizing the layer to a
90-m resolution using the function “gdal_rasterize” (GDAL/OGR
Contributors, 2021). This allows quick filtering of the records based
on the biogeographic realm. We included the IDs of all the freshwa-
ter ecoregions present in each dataset in its metadata file.

Moreover, we included information regarding the overlap of the
point record and protected areas using the latest layer (November
2022) of the Protected Planet WDPA WD-OECM dataset
[Protected Planet: World Database on Protected Areas (WDPA)
and World Database on Other Effective Area-based Conservation
Measures (WD-OECM), UNEP-WCMC and IUCN, 2022]. We
downloaded the layer using the “wdpa_fetch” function of the
“wdpar” package in R (Hanson, 2022) and filtered the global file
based on the protection status, using the function “ogr2ogr”
(GDAL/OGR contributors, 2021). We retained “Designated”,
“Inscribed” and “Established” protected areas to ensure that those
that are not currently implemented are excluded (e.g., proposed
protected areas). We rasterized the layer to a 90-m resolution and
extracted the information of the “Status Year” (STATUS_YR) field,
which identifies the year in which a site's current status was im-
plemented. We assigned each record a value of “0” if it was not
located in a protected area, “1” if it was in a protected site on the
date of the observation, or “2”, in the case that the location was
protected after the observation event (Table 1, “WDPA_protec-
tion_status” column). Information regarding the past protection
status of an area was not available.

We used the function “gdallocationinfo” in the Geospatial Data
Abstraction Library (GDAL), version number 3.1.0 (GDAL/OGR con-
tributors, 2021) for all spatial extractions at point level at a global
extent.

3 | RESULTS AND DISCUSSION

3.1 | Database formatting

The database comprises the entire table including 8,319,689 pub-
licly available WGS84 geo-referenced records of EPTO genera
globally, from 50 individual datasets, for download at https://doi.
org/10.18728/igb-fred-811.0
epto_database/. In addition, we provide the metadata and authors'

and https://glowabio.org/project/

contact details for six datasets that have restricted access, com-
prising 48,728 records, which can be found in the metadata file
(Supporting Information Table S1).

All data are organized in tables (i.e., tab separated .csv format;
see Supporting Information Table S1 for the URLs to the individual
datasets). Within the dataset tables, each row corresponds to one
observation record defined as the presence of an individual of a
given genus observed at a particular location on a given date, while
the 28 columns include a variety of taxonomic, geographic and ad-
ditional site-specific information (Table 1). Duplicate observation
records, possibly derived from overlapping data sources, were col-
lapsed to one. The metadata of each dataset include information on
the availability of abundances derived from the sampling itself and
site-specific information regarding physicochemical, hydrological or
land cover characteristics of the sampling location.

3.2 | Database completeness

3.2.1 | Spatial coverage and precision
The Global EPTO Database includes 8,368,467 occurrence records,
covering 1,505,302 unique locations worldwide and 39,584 out of
1.6 million drainage basins of the Hydrography90m dataset (Table 2;
Amatulli et al., 2022). The records are spread across 417 out of 426
Freshwater Ecoregions of the World (FEOW, Abell et al., 2008),
while 20% of them occur in protected areas. We mapped the num-
ber of observations of the whole database on a 10-km regular grid
and per drainage basin (Figure 1a,c, respectively) and the numbers
of observation records of each order individually per drainage basin
(Figure 1e). The spatial patterns arising from the maps of Figure 1a
and the respective strong peaks in the marginal plots reveal a major
sampling bias towards North America, central Europe, and Oceania.
To further explore the spatial distribution of the records, we
plotted the number of observation records within elevational bands
of 500m (Figure 2a). Records cover an elevation range of more than
4,000m, although the majority is concentrated in lower altitudes
of up to 500m. The distribution of the data across the elevational
gradient follows the global pattern of declining species richness as
altitude increases (Gaston, 2000). However, there is contrasting ev-
idence suggesting that taxon richness might well increase along an
elevation gradient (Chiu et al., 2020). Therefore, increasing sampling
effort at higher altitudes is crucial, especially because headwater
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TABLE 1 Column names of the individual dataset tables available in the Global EPTO Database and their explanations.

Column name

order_ID

dataset_ID
occurrence_ID

species

genus

family

order

longitude

latitude
no_decimals_published

no_decimals_available

location_river
country
sampling_day
month

year

source
FRED_link-DOI
notes

cen_fl

cap_fl

coun_fl

snapped

subcatchment_ldy9

basin_ID

elevation

WDPA _protection_status

FEOW_ID

Column content

OneoftheE,P, T,O

Unique ID of the dataset of a given data source, e.g., 003
Unique ID of the individual occurrence record, e.g., 000423769
Species name (not taxonomically verified)

Genus name

Family name

Order name

Longitude in decimal degrees, in WGS84

Latitude in decimal degrees, in WGS84

Number of decimal points of the coordinates that are published

Number of decimal points of the coordinates that are available upon communication with the authors (could
include more detailed coordinates)

Locality or river of the observation record

Country of the observation record

Day of the observation

Month of the observation

Year of the observation

Data source (e.g., name or DOI of the original database)

Dataset link to FRED, where all metadata are available, including dataset authors' names
Dataset authors' notes

Centroid flag, Boolean. If “1”, then the coordinates represent the centroid of a country instead of the exact location
of the observation

Capital flag, Boolean. If “1”, then the coordinates belong to the capital of a country instead of the exact location of
the observation

Country flag, Boolean. If “1”, then the coordinates of the record do not match with the assigned country

Boolean. If “1”, then the original coordinates of the record, that fell into the sea, have been snapped to the closest
sub-catchment

Unique ID of the sub-catchment where the record is located, based on the Hydrography90m dataset (Amatulli
etal., 2022)

Unique ID of the drainage basin where the record is located, based on the Hydrography90m dataset (Amatulli
etal., 2022)

Elevation of the point of the record, in metres, based on the MERIT Hydro DEM (Yamazaki et al., 2019)

Status of the record's location based on the Protected Planet WDPA WD-OECM dataset, updated in November
2022 (UNEP-WCMC and IUCN, 2022). If “0”, the record was not located in a protected area. If “1”, the record
was in a protected site. If “2”, the record's location was protected on a date following the observation

Freshwater Ecoregions of the World ID (Abell et al., 2008)

Note: DEM = digital elevation model; EPTO = Ephemeroptera, Plecoptera, Trichoptera and Odonata; FRED = IGB Freshwater Research and
Environmental Database; MERIT = Multi-Error-Removed Improved-Terrain DEM; WD-OECM = World Database on Other Effective Area-based
Conservation Measures; WDPA = World Database on Protected Areas; WGS84 = World Geodetic System 1984. The FRED link of each specific
dataset is only included in the comprehensive table of all orders.

streams and springs harbour high levels of biodiversity (Clarke
et al., 2006; Heino et al., 2013).
3.2.2 | Taxonomic representation

The observation records include 1,473 genera and 142 families

(Table 2). Sixty-two percent of all occurrence records correspond to

observations of Odonata, which is probably related to their being
considered as charismatic, not least because their specimens are
easily observable due to their size, colour patterns, and flying style
(Vorster et al., 2020). The database includes more than 15 records
for most genera of each order for which we have occurrence data
(216 genera of Ephemeroptera out of 310 have at least 15 records,
Plecoptera: 138/199, Trichoptera: 281/391, Odonata: 422/573

genera, Figure 2b). Although the number of presence observations
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TABLE 2 Summary statistics of the Global EPTO Database for the number of records, drainage basins and sub-catchments, the geographic
location and precision as well as the temporal precision of the samplings.

Ephemeroptera
Observation records 933,070
Genera 310
Described genera 442
Families 41
Described families 42
Occurrence locations 114,711
Sub-catchments covered 89,521
Drainage basins covered 5,220
% of records in protected areas 12
% of coordinates with > 4 decimal digits 95
% of records including sampling year 99
% of records including sampling month 93
% of records including sampling day 92

Plecoptera Trichoptera Odonata EPTO
538,236 1,640,723 5,256,438 8,368,467
199 391 573 1,473

313 632 694 2,081

17 46 38 142

17 63 45 167
58,939 164,985 1,328,255 1,505,302
42,182 129,658 593,135 702,409
3,318 8,343 36,623 39,584

10 16 22 20

95 91 82 86

99 99 100 99

95 88 97 95

94 86 96 94

Note: Information on the numbers of the described extant genera and families of Ephemeroptera, Plecoptera, Trichoptera, and Odonata (EPTO) was
retrieved from Barber-James et al. (2013), DeWalt et al. (2021), Morse (2022) and Paulson et al. (2022), respectively.

required for building robust predictive models, such as species dis-
tribution models (SDMs), may vary depending on the prevalence and
spatial representativeness of each taxon (van Proosdij et al., 2016), it
has been proposed that 15 presence observations may be enough to
capture the general response of species to important environmen-
tal gradients (Mateo et al., 2010; Stga et al., 2019). Following this
guideline, the Global EPTO Database provides enough occurrences
for modelling spatial patterns and their underlying mechanisms of
most EPTO genera.

We mapped the number of EPTO genera for the whole data-
base and for each order individually in a similar way as for the
number of occurrence records (Figure 1b,f). The apparent lack of
congruence between the number of observations and the number
of genera per basin (Figure 1a,c,e and b,d,f, respectively) highlights
the fact that some of the richest areas in terms of taxonomic diver-
sity are being overlooked regarding sampling and/or data digitali-
zation/mobilization (e.g., the Amazon basin, or basins in Africa and
south-western Asia). Likewise, due to the spatial sampling bias,
genera from under-sampled areas may be missing (Figure 1, grey

areas in the maps).

3.2.3 | Time frame

All records are accompanied by information on the year of observa-
tion, with 95 and 94% also having information on the month and day
of the observation, respectively (Table 2). The dated occurrences
can serve in defining EPTO distributions at a given time using spe-
cies distribution modelling and therefore serve in conservation plan-
ning. The increase in record numbers after the year 2000 follows
the development of GIS technology and data digitization (Figure 2c).

The steeper increase in the number of records for Odonata is due to

a strong increase in the number of observations submitted by citizen
scientists, especially in North America and western Europe. Given
the lack of a consistent sampling effort through time, the database is
generally unsuitable for investigating temporal trends at the global
scale. However, we encourage users to explore the data according
to their needs, as this trend might change at local scales in the best

sampled areas.

4 | CONCLUSIONS

By integrating heterogeneous data sources of EPTO occurrence
records, we attempted to respond to the priority need for a com-
prehensive compilation of biological data, as recently suggested by
Maasri et al. (2022). As a result, the Global EPTO Database is easily
accessible and developed according to the FAIR principles regard-
ing Findability, Accessibility, Interoperability and Reusability of data
(Wilkinson, 2016). At the same time, it highlights the spatial patterns
of sampling efforts and/or data digitization and mobilization world-
wide, which are mostly concentrated in the Northern Hemisphere,
in accordance with the findings of Meyer et al. (2015) for vertebrate
species and Murphy et al. (2019) for aquatic plants. It has been
shown that gaps in inventories exist in most countries of the Global
South, while species data are mainly limited by distance to research-
ers, available research funding for a given region and participation in
data-sharing networks (Meyer et al., 2015). Moreover, the notably
higher number of Odonata observations, in contrast to EPT orders,
leads to a taxonomic bias in available inventories. These geographic
or taxonomic gaps need to be tackled by guiding future sampling
campaigns towards under-represented areas, opening up previously
inaccessible repositories and enhancing taxonomic research, espe-
cially on EPT (Balian et al., 2008).



GRIGOROPOULOU ET AL.

(a) Number of observations

Global Ecology
and Biogeography

1 10° 104 108

1 10 100

FIGURE 1 Number of observation records (a) and genera (b) for all orders, aggregated in a 10-km regular grid. Number of observation
records (c) and genera (d) for all orders per drainage basin. Number of observation records (e) and genera (f) per drainage basin for each order
individually. E = Ephemeroptera; P = Plecoptera; T = Trichoptera; O = Odonata. White and grey areas lack information. A more detailed
interactive view of the maps (e) and (f) is available at https://glowabio.org/project/epto_database/.

In the light of the ongoing global freshwater biodiversity decline
(Reid et al., 2019), mobilizing and openly sharing existing data will be
crucial for advancing biodiversity and conservation research. More
detailed species level and trait information (Sarremejane et al., 2020;
Schmidt-Kloiber & Hering, 2015) is required for more in-depth anal-
yses and informed decision-making (Maasri et al., 2022). The Global
EPTO Database in combination with the Hydrography90m dataset
aim to provide a solid, open-source information base for freshwater
macroecological analyses and species distribution modelling on a

high spatial resolution.
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3. We illustrate the hydrographr functions using two workflows that focus on (i)

a freshwater species distribution modelling approach, and (ii) assessing stream
connectivity given the fragmentation by dams. We also provide a detailed guide
for the initial installation of the required software. Windows users need to first
enable the Windows Subsystem for Linux (WSL) feature, and can then follow the
same software installation as Linux users. hydrographr is maintained on GitHub

at https://github.com/glowabio/hydrographr.

. hydrographr provides a set of key functions for processing freshwater geospa-

tial data. We expect that the package will support the freshwater-related research
communities given the easy-to-use wrapper functions that allow capitalizing on
powerful open-source command-line software, which may otherwise require
a steep learning curve. Users can thus perform large-scale freshwater-specific
longitudinal connectivity and network analyses across large geographic extents

while staying within the R environment.

KEYWORDS

1 | INTRODUCTION

Freshwater ecosystems harbour a significant proportion of biodiver-
sity given the fraction of the Earth's surface they cover, while the
high prevalence of endemic species renders them disproportionately
vulnerable to biodiversity loss (Reid et al., 2019). The substantial
knowledge gaps in spatial freshwater biodiversity research, currently
hindering consensus on global biodiversity trends (Jihnig et al., 2021;
van Klink et al., 2020), stem primarily from two factors: the lack of
publicly available species occurrence information globally (Meyer
et al., 2015), and the complex geospatial data processing that differs
significantly from the terrestrial and marine realms, given the stream
network characteristics (Altermatt, 2013).

To address this challenge, it is important to provide spatial analysis
tools that improve the estimation of species distributions and patterns
of freshwater organisms. Freshwater ecosystems are characterised by
the unique longitudinal connectivity within a dendritic network struc-
ture. Given the high degree of spatial autocorrelation across the net-
work, spatial biodiversity analyses need to incorporate connectivity
between stream locations, which often requires non-trivial geospa-
tial data processing workflows (Ver Hoef et al., 2014). In freshwater
geospatial analyses, e.g., related to biodiversity, water quality/quan-
tity or river fragmentation, the processing of the spatial information
prior to the analyses typically involves (i) delineating a stream network
and corresponding catchments, (ii) moving (“snapping”) species point
coordinates to the stream network given possible spatial mismatches
between a modelled stream network and the GPS-derived sampling
locations and (iii) extracting environmental, or species co-occurrence
information across the network or corresponding sub-catchments,
which form the spatial units of the analyses (Domisch et al., 2015).

Further steps could include measuring Euclidean (“as-the-crow-flies”)

connectivity, hydrographic data processing, Hydrography90m, river, R-package, scalability,
spatial freshwater biodiversity, stream network

and network (“as-the-fish-swims”) distances among species occur-
rences, while accounting for dams and weirs, to analyse population
connectivity within the river network.

Such analyses are computationally demanding and time-consuming
when carried out for an extensive dataset of species records or at large
spatial extents. For instance, catchment-scale analyses (i.e. network de-
lineation, or aggregating catchment environmental features) in down-
stream areas may require information from the upstream contributing
area. Consequently, the resulting size of the study area that needs to
be taken into account can be considerably larger than the focal sam-
pling area. In addition, assessing freshwater ecosystems requires a
high spatial resolution to also include small water bodies, as opposed
to lumping the heterogeneous freshwater environment into larger
catchment basins as spatial units. In this regard, the recently published
Hydrography?0m dataset (Amatulli et al., 2022) addresses such small
streams with unprecedented spatial detail, providing a globally seam-
less and standardised hydrographic dataset (S1.1. Supplementary_in-
formation; The Hydrography90m dataset). The amount of spatial data,
however, translating into 1.6 million drainage basins and 726 million
stream segments, which serve as the spatial units, requires efficient
processing workflows to support the research communities in perform-

ing high-resolution spatial analyses in freshwater ecosystems.

1.1 | Tools for spatial freshwater data processing

Most of the freshwater geospatial data processing is done using graph-
ical user interface (GUI) software, such as QGIS (QGIS Development
Team, 2021) and ArcGIS (Redlands, 2011). They provide essential
tools, but they cannot be easily scaled toward larger amounts of data
or remain proprietary and hence out of reach. Opposed to GUI-based
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software, command-line based open-source software and libraries
are optimised toward reproducibility and interoperability for creating
flexible workflows. In this regard, the popularity of the R software is
increasing in an inexorable way, to the point that it has become the lin-
gua franca in many research disciplines (Lai et al., 2019). In particular,
R is widely used in spatial data processing given R packages such as
terra (Hijmans, 2023) or sf (Pebesma, 2018).

While R is undoubtedly versatile, it is not optimised toward scal-
ability, as objects are required to be loaded into the R workspace (RAM
of the computer), which can potentially pose constraints for ordinary
computers. In contrast, other open-source command-line software,
such as the Geospatial Data Abstraction Library (GDAL Development
Team, 2020) and Geographic Resources Analysis Support System
(GRASS GIS; GRASS Development Team, 2022), are optimised toward
efficiency and scalability, given that they enable multi-thread process-
ing of very large datasets due to an optimised memory management
(Amatulli et al., 2014). Nevertheless, they come at the expense of a
steep learning curve in terms of syntax and workflows. Moreover, the
seamless interoperability of these tools, for example, supported by the
native Bash (GNU, 2007) language and integrated command-line util-
ities such as AWK (Aho et al., 1979) and sed (Pizzini et al., 2018) for
manipulating large tables, is mainly provided within the Linux operat-
ing system (OS), adding another hurdle for potential users.

We aimed to address this problem by developing the hydro-
graphr R-package, which combines the two key requirements from
a user perspective: (i) users can capitalise on the entire suite of the
seamlessly integrated and RAM-efficient open-source software that
manipulates the data directly on disk, while (ii) staying in the widely
used working R environment (R Core Team, 2022) without the need

to learn the syntax of various software.

2 | THE hydrographr R-PACKAGE

The hydrographr R-package provides R functions that serve as
wrappers for GDAL/OGR and GRASS GIS functions to efficiently
work with the Hydrography?0m spatial data. The package is written
in the R and Bash languages. On a Windows OS, the Bash language is
interpreted using Windows commands. It currently includes 21 func-
tions and uses a variety of spatial and non-spatial data processing
tools provided in the Supporting Information S1.2. Supplementary_
information; The hydrographr R-package dependencies. The advan-
tage of hydrographr is its memory-efficiency by avoiding loading
the data into the R workspace during processing, and the creation of

temporary data on disc. The functions (Table 1) allow to

e download the Hydrography?0m data,

e process and extract information from spatial layers without ex-
plicitly loading them into R,

e read data into R while applying spatial filtering,

e calculate distances between points (e.g. species occurrence and
dams) and obtain information related to stream and basin frag-

mentation, and

SO0ETY

e capitalise on the speed and versatility of network graphs to assess

network connectivity.

While the default settings of the functions are tailored to-
ward Hydrography90m, they are also generalizable to pro-
cess other hydrographic data and non-hydrographic data (S1.3.
Supplementary_information; Usage with other spatial datasets, S4.
Other_stream_network) directly on disc. This includes cropping and
merging of raster and vector data, point-raster extraction, raster re-
classification and data aggregation (see Table 1).

2.1 | Downloading the Hydrography90m data

The Hydrography90m data is organised in a regular and irregular
tiling system (RTS and ITS, respectively). In the RTS, the data is di-
vided into 20° x 20°tiles, optimised toward downloading but with an
interrupted across-basin connectivity. In the ITS, the data is divided
in regional units which encompass entire drainage basins (Amatulli
et al.,, 2022) without any interruptions in connectivity, but result-
ing in very large files (e.g. the Amazon basin). The functions get
tile idand get regional unit id situate a data frame with
WGS84 coordinates in the corresponding regular tile or regional unit
and return the unit IDs. These IDs can be then passed to the func-
tion download tiles which downloads the data. We also provide
the function download test data that downloads species occur-
rence data and spatial layers from a small study area, useful for run-

ning the examples of the package manual.

2.2 | Spatial data processing

hydrographr offers the possibility to process spatial layers with-
out loading them into R. The functions merge tiles and crop
to_extent can be used to merge raster (.tif) and vector (.gpkg) and
crop raster files to a given extent respectively, while the function
set no_data modifies the NoData value of raster layers. The two
snapping functions snap to network and snap to subc seg-
ment snap point locations (e.g. species occurrences) to the digital
stream network, meaning that the coordinates of the point locations
get slightly changed so that the point overlaps with the stream seg-
ment. While the function snap to network snaps the point within
a given distance radius and, if given, also only to stream segments
with a minimum flow accumulation, the snap to subc segment
function snaps the point to the stream segment of the sub-catch-
ment where it is located. Finally, reclass raster reclassifies a

raster following rules provided in a data frame.

2.3 | Filereading and data extraction

This group of functions extracts information from raster or vector

files. For instance, the function extract ids receives WGS84
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TABLE 1 The functions of hydrographr for downloading, processing data, reading and extracting data, distance related and graph-
based connectivity analyses, grouped by category and listing the function name along with an icon, and the description. Terminology of the
Hydrography90m (Amatulli et al., 2022): Regional unit: a rectangular area that contains only entire drainage basins, masking any truncated
ones, useful for selecting a drainage basin within study areas. Drainage basin: any area of land where precipitation collects and drains into a

common outlet. The outlet can be at the coast or an inland depression. Stream segment: the stream channel between two segment nodes (or
from initialisation to the first confluence) of the network. Sub-catchment: land area between two segment nodes that contributes to the local

flow accumulation of a given stream segment. Sub-catchments and stream segments share a unique ID.

Category

Downloading

Processing

Reading & data
extraction

Function name

get_tile id

get_regional

unit_id

download_tiles

download_test_data

merge_tiles

crop_to_extent

snap_to_network

snap_to_subc_

segment

set_no_data

reclass_raster

extract_ids

report_no_data

extract_zonal_ stat

read_geopackage

get_upstream
catchment

Description

Identifies the ID of the regular tile(s) of the Hydrography90m, where the input points
are located. The output IDs are required to download the data using the function
download_tiles

Identifies the ID of the regional unit(s) of the Hydrography90m, where the input points
are located. The output IDs are required to download the data using the function

download_tiles

Downloads data of the Hydrography90m dataset

Downloads the test data of the Hydrography90m dataset, required to run the examples of
the manual

Merges raster (.tif) or vector (.gpkg) files using the GDAL functions gdalbuildvrt and
gdal_ translate for raster files and ogrmerge. py and ogr2ogr for vector files.

Crops a raster (.tif) file to a polygon border line or to the extent of a bounding box using the
GDAL function gdalwarp

Snaps points to the next stream segment within a defined radius, or a defined radius and a
minimum flow accumulation using the GRASS GIS function r.stream. snap

Snaps points to the stream segment of the sub- catchment where the points are located in
using the GRASS GIS functions v.net and v.distance

Sets a NoData value to input files using the GDAL function gdal edit.py

Reclassifies an integer raster (.tif) layer using the GRASS GIS function r.reclass

Extracts the ID value of the drainage basin and/or sub- catchment raster layer at given
point locations using the GDAL function gdallocationinfo

Reports the NoData value of input files using the GDAL function gdalinfo

Calculates zonal statistics based on one or more environmental variable raster .tif layers
across a set (or all) of sub-catchments in a spatial extent using the GRASS GIS function

r.univar

Loads a .gpkg file, or only a part of it,asa data. table, graph, sf, or SpatVector object

Calculates the upstream basin, taking each point as the outlet using the GRASS GIS
function g.region
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TABLE 1 (Continued)

Distance-related get_distance

Graph-based
connectivity
analyses

get_segment

neighbours

get_catchment

get pfafstetter

basins

coordinates and extracts the IDs of the sub-catchments or drain-
age basins where the points are located, given the corresponding
raster layers. In fact, the function can be used to extract values at
point locations given any input raster layer. The function extract
zonal stat calculates statistics on cell values of a raster within the
zones defined by, for example a sub-catchment or other zonal ras-
ter layer. The function read geopackage imports a vector file as
a table, directed graph or spatial object, allowing for spatial filtering
by IDs. For example, in the case of the stream order vector files of
the Hydrography90m, only some streams can be imported based on
specific sub-catchment IDs. In case the analyses need to be limited
to the upstream area of a point location, get upstream catch-
ment calculates the upstream basin of a given point, considering it
as the outlet. Finally, the function report no data reports the
NoData value of raster layers, which is crucial for calculating sum-
mary statistics.

2.4 | Distance calculations

The function get distance calculates Euclidean distances or dis-
tances along the stream network between all pairs of point locations
(e.g. occurrence points or dam locations). In case points are spread
across multiple basins, get distance parallel parallelises the
distance computations across drainage basins.

2.5 | Graph-based connectivity analyses

The function get segment neighbours queries the stream
segments, or corresponding sub-catchments, that are first- or
higher-order neighbours of a given segment (i.e. directly vs. in-
directly adjacent, respectively), according to the user-specified
degree. The function returns a list of data tables, containing the

neighbouring segments, for each input segment ID. These can be

= 2 BT
Methods in Ecology and Evolution E;{;grzn

Calculates the euclidean or within-network distance between points using the GRASS GIS
function v.distance or v.net .all pairs. To parallelize calculations per basin, see
also get distance parallel

Reports the up- and/or downstream stream segments that are connected to the input
segments within a neighbour order. Provides the option to summarise attributes across
these segments

Extracts the upstream, downstream, or entire catchment of the input stream segments

graph from a network graph

get distance graph Calculates the network distance between all input sub-catchment IDs from node to node
(outlet of the stream segment

Delineates Pfafstetter sub-basins for the input stream network

useful for spatially explicit models or, for example in conserva-
tion planning analyses (Domisch et al., 2019) which integrate the
network connectivity. get catchment graph delineates the
up and/or downstream catchment for the input segment IDs.
The function returns either a directed graph or a data table with
the IDs of the sub-catchments. The output is useful to, for example,
restrict the focal area only to those parts of the stream network
that are connected to a set of points. get distance graph per-
forms the along-the-network distance analysis of points on a net-
work graph and returns either (i) the pair-wise network distance
(in meters) between all input points, or (i) the number of network
segments (i.e. sub-catchments) that are along the paths. The
distances are calculated between the nodes of those segments
where the points are located (opposed to the exact location on the
given segment). get pfafstetter basins follows Verdin and
Verdin (1999) and hierarchically subdivides a given drainage basin
in up to nine smaller sub-basins. For this purpose, the function
finds the most-contributing stream within the basin based on flow
accumulation, and generates sub-basins along this main stream
course. The sub-basins may serve as new spatial units to tackle, for
example, scale-dependent effects given the Modifiable Area Unit
Problem (MAUP; Fotheringham & Wong, 1991) when aggregating

data across spatial units along the stream network.

2.6 | Software requirements

hydrographr relies on the open-source GRASS GIS software,
GDAL/OGR library and AWK programming language within the
Linux OS. While Linux users can install these tools directly in their
shell, Windows users need to first activate the Windows Subsystem
for Linux (WSL) that requires Windows 10 v.2004 or higher. The
WSL allows running a Linux OS on Windows without a virtual ma-
chine or a dual boot system. We opted for using Linux as the main

system in hydrographr given the seamless language integration
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among GRASS GIS, GDAL/OGR, AWK and R, which ultimately in-
creases the scalability of workflows. Moreover, from the variety of
software, we could choose exactly those tools that perform best at a
given task. hydrographr requires GRASS GIS 8.2 or higher, GDAL/
OGR 3.4.3 or higher, GNU parallel (Tange et al., 2011) 20210822
and bc 1.07.1 or higher and for Windows users dos2unix. For further
information about the software see Supporting Information S1.2. A
step-by-step installation manual can be found at https://glowabio.
github.io/hydrographr/articles/linux_system_setup.html for Linux
users and https://glowabio.github.io/hydrographr/articles/windo

ws_system_setup.html for Windows users.

3 | CASE STUDIES

We present two case studies to showcase the functionality of the
hydrographr package (i) using a species distribution modelling
(SDM) workflow and (ii) in a connectivity analysis framework to es-
timate the free-flowing river length between species observations
and dams. Throughout, we refer to Table 1 for the description of
the functions, Figure 1 for a visualization of the example workflows
and  https://glowabio.github.io/hydrographr/articles/case_study_
cuba.html and https://glowabio.github.io/hydrographr/articles/
case_study_brazil.html for the actual code to reproduce the work-
flows (see also Supporting Information S2. Case_study_1 and S3.
Case_study_2).

3.1 | Species distribution modelling workflow

In the first case study (Figure 1a, Supporting Information S2. Case_
study_1), we use a simple SDM to predict the future suitable habitats
of the dragonfly species Hypolestes trinitatis in Cuba under a climate
change scenario.

We obtained georeferenced occurrence points of the species
from the dataset “Ephemeroptera, Trichoptera and Odonata of
Cuba” (Torres-Cambas & Salazar Salina, 2022). The hydromor-
phological variable layers drawn from the Hydrography?0m were
the maximum linear curvature along the watercourse of each
sub-catchment to approximate hydraulic complexity, the stream
power index (spi), which represents the erosive power associated
with flow (Moore et al., 1991), in raster format, and the length of the
stream within each sub-catchment, in vector format. We identified
the IDs of the two regular 20°x 20°tiles of the Hydrography90m
where the occurrence points were located using the function get
tile id and downloaded the layers using download tiles.
Additionally, we downloaded the global layers of the CHELSA bio-
climatic variables of mean annual air temperature, annual precipi-
tation amount and precipitation seasonality. Specifically, we used
the 30-year average of 1981-2010 and 2041-2070, as predicted
by the IPSL-CM6A-LR climate model under the scenario SSP370,
to describe the present and future climate, respectively (Karger
& Zimmermann, 2019). We cropped the raster layers using the

function crop to extent and merged the Hydrography90m
tiles usingmerge tiles.

The spatial units of the analysis were the sub-catchments, and
therefore all the variables were aggregated per sub-catchment. We
obtained the zonal statistics (mean and standard deviation) of the
maximum channel curvature, spi and bioclimatic variables within
each sub-catchment using the function extract zonal statand
extracted the absolute value of stream length from the stream order
.gpkg file, using read geopackage. We first obtained these val-
ues for all the sub-catchments of the study area, and then extracted
the sub-catchments where the species occurred based on their IDs,
which we acquired using extract ids, as well as 10,000 randomly
sampled sub-catchments that served as the pseudoabsences in the
model. We fit a down-sampled (Valavi et al., 2021) classification
random forest using the ‘ranger’ package and obtained the model's
predictions through the predict function (Wright & Ziegler, 2017).
Finally, we provided a table containing the predicted habitat suitabil-
ity for every sub-catchment ID as input to the reclass raster
function, to reclassify the sub-catchment raster of the modelling do-
main, and map the future habitat suitability.

3.2 | Connectivity analysis workflow

In the second case study (Figure 1b, Supporting Information S3.
Case_study_2), we showcase the hydrographr functions by esti-
mating the possible future change in the free-flowing river length
between species occurrences and dam locations. We focused on
the migrating catfish Conorhynchos conirostis, endemic to the Sao
Francisco drainage basin in Brazil. The species is considered endan-
gered (IUCN, 2022), being mostly affected by dams.

In short, the task was to identify (i) which dams are located up-
and downstream of each fish occurrence and (ii) to evaluate the
shortest distance from each occurrence to the closest existing and
future up- and downstream dam. While some processing steps could
be potentially condensed, we illustrate the full workflow showing
how to reduce the processing time through iterative cropping/mask-
ing/filtering to narrow the study area as the analysis progresses.

We obtained the georeferenced fish occurrences from the
Global Biodiversity Information Facility (GBIF; GBIF.org, 2023),
the georeferenced locations of the existing dams from the Global
Reservoir and Dam Database (GRanD; Lehner et al., 2011) and of
the future dams (planned and under construction dams) from the
Future Hydropower Reservoir and Dams Database (FHReD; Zarfl
et al., 2015). We derived the raster and vector layers regarding the
drainage basins, sub-catchments, stream segments, flow accumula-
tion and flow direction from Hydrography90m.

We used the fish occurrence coordinates as input in the
get tile id function to identify the IDs of the three regular
20°x 20°tiles, and downloaded the Hydrography90m layers using
the download tiles function. We then used crop to extent
to crop the rasters, read geopackage to filter the vector files and

merge tiles to merge all layers. In a first step, we filtered the
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FIGURE 1

a connectivity analysis workflow estimating the free-flowing river lengths between fish occurrences and dam locations in Brazil.
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Implementation of the hydrographr functions in (a) a species distribution modelling analysis of a dragonfly in Cuba and in (b)
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GeoPackage tiles of the basins for the Sdo Francisco drainage basin
and merged the tiles. We then cropped all raster layers, where we
used the filtered (i.e. clipped) vector polygon (GeoPackage) of the
Sao Francisco basin as a cutline. To identify all sub-catchment IDs
in the study area, we ran the unique function from the terra pack-
age on the sub-catchment raster layer. This was done to reduce the
data size and subsequent processing time, and to merge them to one
single file.

To select those fish occurrences and dams that are located
within the polygon of the Sdo Francisco basin, we used the s fil-
ter function from the sf package. We used the snap to net-
work function to snap the fish occurrences and dams to the stream
network segments. This step was required as the spatial location
of the recorded GPS points and the modelled stream network do

(a) Merge raster tiles

not necessarily match. We restricted our analyses to the upstream
area of the Sobradinho dam, as this represents the known range of
the species (IUCN, 2022), and delineated the upstream catchment
using the get upstream catchment function. Afterward, all
necessary layers and point locations were cropped/filtered to the
extent of the upstream catchment. For the evaluation of the short-
est distance between each fish occurrence and the closest up- and
downstream dam, we first calculated the distances along the stream
network between all point locations using the get distance func-
tion. For any given fish occurrence, we needed to know which exist-
ing and future dam is located up- or downstream. We thus used the
get catchment graph function to get all sub-catchment IDs of
the stream segments up- and downstream of each fish occurrence,
and then identified those stream segments with a dam. By counting

hydrographr::merge_tiles

terra::merge b

Replicates
min max

median

(b) Crop to extent

hydrographr::crop_to_extent

terra::crop

R package
. hydrographr 1.0.12

. terra 1.7-29

(c) Crop to vector boundary

hydrographr::crop_to_extent

terra::crop

System

Windows 11 Pro 10.0.22621
Intel i5-8350U | 16 GB RAM

i Ubuntu 20.04.6 LTS
Intel i5-10310U | 16 GB RAM

(d) Reclass raster values

hydrographr::reclass_raster

terra::classify | * Aborted after 12 h

(e) Zonal statistics

* Out of memaory

hydrographr::extract_zonal_stat, | [ ENEGcNGEGEGEGEGEE—_
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terra::zonal, fun = "mean” _l'
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Peak RAM usage (GB)

FIGURE 2 Five benchmark experiments (a-e) for selected geospatial tasks employing hydrographr functions (blue) and corresponding
terra workflows (yellow). We performed each experiment three times (black bars) on a Windows (dark) and an Ubuntu (light) system and

recorded the total run time (left) and the peak RAM usage (right).
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the number of stream segments with a dam, we got the number of
dams up- and downstream of each fish occurrence. To evaluate the
shortest distance to the next dam up- and downstream of each fish
occurrence, we queried the table of the network distances with our
up- and downstream segments with a dam by the sub-catchment ID

and identified the minimum distance.

4 | FUNCTION BENCHMARKS

We conducted benchmark experiments to compare the performance
of hydrographr to the terra package (Hijmans 2023). We selected
five common geospatial tasks that can be implemented with hy-
drographr and terra (see Figure 2 and Supporting Information S5.
Benchmark):

e Merging multiple raster layers.

e Cropping a raster layer to a bounding box.

e Cropping a raster layer to an irregular vector polygon boundary.
e Reclassifying the values of a raster layer.

e Zonal statistics of a raster layer.

We performed all experiments for the Amazon river basin, which
covers six Hydrography90m tiles. We recorded the total run-time
and the peak RAM usage for reading, processing and writing the
data and performed all experiments on a Windows and an Ubuntu
system. The benchmark is documented in detail here: https://glowa
bio.github.io/hydrographr/articles/benchmark.html.

The benchmark revealed that (i) overall run-times with hydro-
graphr and terra are comparable, (i) hydrographr performed all
tasks more RAM efficient than terra, (iii) hydrographr performs
better on Ubuntu than on Windows, (iv) the raster reclassification
and the zonal standard deviation computation failed with terra due
to poor run-time and memory overflow while hydrographr suc-

cessfully completed these tasks.

5 | CONCLUSIONS

hydrographr aims to fill the gap in freshwater geospatial data pro-
cessing by combining the strengths and scalability of available open-
source software with the R-interface that has become the common
standard programming language in research. The currently available
21 functions provide the tools to create reproducible workflows for
the first and second case studies that ran in 4 and 110 min, capital-
izing on 7 and 18 GB of data, respectively, while not succumbing the
R-session on a standard 16 GB RAM laptop. This highlights that the
hydrographr functions handle large amounts of data while users
are not required to interact with the underlying software, avoiding
a possible steep learning curve in learning GIS programming. Where
applicable, hydrographr allows parallelising the functions such
that the potential of hydrographr can be further increased with a

multi-thread processing of very large datasets.

SO0ETY

We acknowledge that geospatial data analyses and some hy-
drographr functionalities are also supported by other R packages.
However, the hydrographr functions can be considered com-
plementary: as most of the data processing and data extraction is
performed with GDAL/OGR or GRASS GIS outside R, there is no
need to import/export data into or out of R. An additional advan-
tage of hydrographr is that the functions are tailored toward
the Hydrography90m data that provides the most-detailed global,
high-resolution hydrographic network representation to date.
Therefore, the terminology and options (i.e. flags) of the functions
are standardised for this data to support the analysis workflows of
freshwater researchers. Still, the functions can be used also with
other hydrographic datasets or even for other, general geospatial
processing purposes. In this regard, we expect the package to be
equally useful beyond ecological studies in the freshwater realm.
Studies targeting large spatial extents and simultaneously high spa-
tial resolution, for instance to study carbon (Ludwig et al., 2023;
Raymond et al., 2013) or nutrient cycles in inland waters (Savchuk
et al., 2021), can capitalise on efficient network and basin data pro-
cessing. Likewise, even at smaller spatial extents, but temporally
high-resolved, for example water quality/quantity data at specific
intervals over long time frames, may result in equal amounts of data
that require efficient processing tools.

hydrographr requires installing additional software, yet this
one-time installation, merely copy-pasting code from the installation
manual into the (WSL) console, allows bringing scalability into hydro-
graphic analyses to users with a standard computer, which otherwise
would not be possible. We intend to further develop and optimise
the package toward user requirements that can be addressed at
https://github.com/glowabio/hydrographr/issues. We aim to extend
the functionality also toward lakes to integrate lake polygons into
the network, or to delineate lake catchments. We also endeavour to
further tap on the functionalities offered by network graphs.
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4.1 Abstract

Aim: The variation in ecological niche breadth of species has been viewed as a driver or con-
sequence of varying species richness, with contrasting perspectives on its relationship with latit-
ude. Community assembly may play a more significant role in shaping niche breadth variation
than climate. Here, we explored large-scale spatial patterns in the niche breadth of aquatic insects
using worldwide occurrences of Ephemeroptera, Plecoptera, Trichoptera and Odonata (EPTO).
Location: Global.

Time period: Occurrence records used in the analyses span from 1951 to 2021.

Major taxa studied: Ephemeroptera, Plecoptera, Trichoptera, Odonata, at the genus taxonomic
level.

Methods: Using a climate-niche factor analysis, we constructed the ecological niches of EPTO
genera globally based on bioclimatic, topographic, and soil consistency variables. We tested Ma-
cArthur’s latitude-niche breadth hypothesis, which states that niche breadth is positively related
to latitude, and compared the niche breadths of EPTO genera across biomes.

Results: We found that in general, mean niche breadth within both local assemblages and biomes
increased with increasing latitude, but was not related to the number of genera of the assemblage,
i.e., genus richness. Individual genera of all orders were more specialised with decreasing latitude,
with genus niche breadth increasing with the number of species per genus. However, we found
no significant latitudinal pattern in the number of species per genus. This suggests that latitudinal
gradients in assemblage niche breadth are not greatly affected by differing genus richness or
species richness within genera, but rather driven by specialisation at the species level, which
varies latitudinally.

Main conclusions: Our study is one of the first attempts to address the relationship between niche
breadth, richness and latitude in the freshwater realm at the global scale. Our results challenge the
assumption that niches are consistently narrower in species-rich tropical regions. Instead, spatial
patterns of assemblage niche breadth follow the global diversity centres, evolutionary origins and

dispersal history of the four orders.
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4.2 Introduction

A central goal of ecology and biogeography is to determine the factors that drive the spatial vari-
ation in species’ realised niche breadth, or the range of environmental conditions and resources
within which species can persist, after accounting for intraspecific competition (Hutchinson,
1957). This issue is particularly pertinent in light of the steep decline being observed for special-
ist species with narrow niches (Clavel et al., 2011). In ecology, narrow ecological niche breadth
has traditionally been viewed as either a driver or a consequence of high species richness (Bel-
maker et al., 2012; Jocque et al., 2010). Higher specialisation allows for tighter species packing,
but the coexistence of more species can also lead to niche partitioning. Latitudinal diversity gradi-
ents (sensu Crame, 2001) are often viewed through the lens of the relationship between species
richness and niche breadth. However, perspectives on the relationship between niche breadth,
species richness and latitude have been contrasting: the higher species richness expected in the
tropics can be seen as both a cause and an effect of narrow niche breadth (Belmaker et al., 2012;
Granot & Belmaker, 2020).

According to MacArthur’s latitude-niche breadth hypothesis, niche breadth is positively re-
lated to latitude (MacArthur, 1972). A central assumption of this hypothesis is that climate varies
seasonally, annually and over geological time scales, but this variability decreases with decreasing
latitude towards the equator (Dynesius & Jansson, 2000). Compared to temperate and boreal re-
gions, the reduced variation in climate and resources in the tropics might allow for lower variation
of population abundance between years, enabling species to develop narrower niche breadths and
overlaps without increasing their risk of extinction. Following this hypothesis, higher species
richness could emerge through allopatric speciation. However, Vazquez and Stevens (2004) ar-
gued - based on 23 datasets on plant-pollinator interactions and defining a niche in terms of the
required resource breadth of a species - that neither the assumptions nor the predictions of the
hypothesis were supported by data.

In contrast, the mechanisms underlying variation in niche breadth can be more strongly
associated with local community assembly than climate per se (Boucher-Lalonde et al., 2016;
Granot & Belmaker, 2020). This was shown by a comprehensive global meta-analysis across
multiple taxa of mainly plants, invertebrates, birds and mammals that assessed the relationship
between niche breadth and richness at the assemblage level, as well as latitude. The study showed
that organisms occurring in species-rich sites are more specialised than in species-poor sites,
regardless of latitude, spatial scale or niche breadth metric used (Granot & Belmaker, 2020).

Therefore, when community assembly results in high species richness, species have to specialise
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due to biotic interactions, such as competition. Community assembly can be driven by historical
processes, such as evolutionary time in which a system remains undisturbed for speciation to occur
(Huston, 1994), or contemporary processes, such as environmental filtering, resource availability
(Rosenzweig, 1995), biotic interactions, dispersal and disturbance regime. Alternatively, high
richness can be expected if coexisting species are equivalent competitors and can thus co-occur
over long time-frames independently of their niche differences (Hubbell, 2001). Assuming that
freshwater ecosystems at low latitudes are more stable in terms of temperature and harbour more
species than those at high latitudes, narrower niches and higher proportions of specialist species
should be found in the tropics (Cirtwill et al., 2015). However, a number of studies contradict
this hypothesis. For example, not only tropical species, but also endemics are characterised by
narrower niches (Reyjol et al., 2007). Clades with temperate origins may exhibit latitudinal
patterns that are atypical for most taxa (McCreadie et al., 2017). For example, niche breadth and
species richness of black flies (Simuliidae) were similar in the Nearctic and Neotropical regions,
suggesting niche conservatism (McCreadie et al., 2017), which is the tendency of clades to retain
their ecological niche characteristics over evolutionary time (Wiens & Graham, 2005). Therefore,
there is still no consensus on the nature of the relationship between niche breadth, species richness
and latitude in freshwater ecosystems.

Aquatic insects are an ideal model for investigating freshwater biodiversity patterns across
biogeographically, geologically and climatically distinct regions. This is because they are glob-
ally distributed (Grigoropoulou et al., 2023) and their distributions are influenced by broad-scale
climatic and local environmental variables that are relatively well-known and quantifiable (Heino,
2009; Heino et al., 2018). Especially the orders mayflies (Ephemeroptera, E), stoneflies (Ple-
coptera, P), caddisflies (Trichoptera, T) and dragonflies and damselflies (Odonata, O) are widely
abundant, diverse in number of genera and species, relatively large in size, taxonomically well-
resolved in many regions and their larvae display different tolerances in pollutants and hydro-
morphological alterations. It is because of these characteristics, they are commonly used in
biodiversity monitoring and biological assessments of streams and are hence among the best-
sampled aquatic insect taxa across the world (Simaika et al., 2024). Interestingly, incongruent
latitudinal patterns have been observed in aquatic insect richness, either at local or regional scales
(Grigoropoulou et al., 2023; Heino et al., 2018). For instance, Odonata show the highest richness
in the tropics, where they originated from and diversified (Garcia-Girén et al., 2024), whereas
temperate latitudes harbour a substantial number of EPT species as well. The latter pattern is

presumably observed because EPT originated from and diversified in cold-water streams (Ward,
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1992), or because of higher seasonal and altitudinal variability in temperate regions (Vinson &
Hawkins, 2003).

Only a few studies have addressed questions relevant to the spatial variation of EPTO niche
breadths (Heino & Gronroos, 2014; Heino & Tolonen, 2018; Luiza-Andrade et al., 2022), not
least at global scales encompassing poorly studied areas such as tropical regions. For instance,
the only study on freshwater macroinvertebrates in the meta-analysis of Granot & Belmaker
(2020) that examined the relationship between richness and variability in niche position was in
Finland (Soininen et al., 2011), without explicitly addressing niche breadth. In this study, we
aimed to explore large-scale spatial patterns in the niche breadth of aquatic insects, specifically
stream-dwelling insects, using the worldwide insect occurrences of the Global EPTO Database
(Grigoropoulou et al., 2023). To obtain patterns on a global scale, we chose to use information
at the genus rather than the species level, as the EPTO Database is taxonomically resolved at the
genus level in most regions. We used Hutchinson’s definition of the realised niche, originally
coined for species, and described as a hypervolume in an n-dimensional environmental space that
allows a population to persist, after accounting for interspecific competition (Hutchinson, 1957).

In our study, we reconstructed the ecological niches of EPTO genera, defined by bioclimatic,
topographic and soil consistency variables as environmental factors, using a niche factor ana-
lysis (CNFA; Rinnan and Lawler, 2019) across different biomes (Dinerstein et al., 2017). Our
objectives were threefold: (i) we explored geographical patterns in mean niche breadth within
assemblages of EPTO genera. In addition, we tested (i1) the latitude-niche breadth hypothesis
(MacArthur, 1972) using richness and niche breadth of EPTO genera along a global latitudinal
gradient from tropical to boreal regions. Finally, (iii) we compared the niche breadths of indi-
vidual EPTO genera that are distributed across different biomes (sensu Dinerstein et al., 2017) to
assess whether niche breadth is conserved at the genus level. We expected niches to be narrower
in highly species-rich tropical regions near the equator than in less diverse temperate and boreal
regions, assuming that high genus richness drives organisms to specialise (Boucher-Lalonde et al.,
2016; Granot & Belmaker, 2020; Rosenzweig, 1995). We also anticipated that spatial patterns of
assemblage niche breadth differ among the four orders, following their global centres of diversity
and different evolutionary origins, which both vary geographically (Garcia-Girén et al., 2024;

Grigoropoulou et al., 2023).
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4.3 Methods

4.3.1 Biological, spatial and environmental data

We based our study on 8.4 million worldwide georeferenced occurrences of EPTO genera dated
between 1951 and 2021, drawn from the Global EPTO Database (Grigoropoulou et al., 2023).
We filtered occurrences from subcatchments that included at least three different genera, which is
the minimum requirement for calculating the global distribution of available habitat conditions
(see also ‘Climate-Niche Factor analysis’), totalling to 2,654,555 occurrence records. We also
extracted species information, available for 87% of these occurrences (mostly in the northern
hemisphere). We performed two different analyses at the “local” level of subcatchments and at
the biome level (Table S1, Dinerstein et al., 2017). The finest spatial units of the analyses were
the subcatchments (Domisch et al., 2015) delineated by the Hydrography90m dataset, which
are subdivisions of larger catchments. Each subcatchment represents the land area between two
stream segment nodes that contributes to the local flow accumulation of a given stream segment
and has a unique ID (Amatulli et al., 2022). The subcatchments included in our analyses had a
mean size of 0.33 kmZ, a median of 0.21 km? and standard deviation of 9.82 km?. All records in
the Global EPTO Database are pre-assigned with the ID of the subcatchment in which they are
located (Grigoropoulou et al., 2023). We considered occurrences within the same subcatchment
as putative local assemblages.

We obtained the mean of bioclimatic, topographic and soil variables for each subcatchment.
These summary statistics were calculated across all subcatchments globally and are stored in
tabular form in a PostgreSQL database (Domisch et al., 2023). We queried this database by
subcatchment ID and extracted the mean of the variables of interest using the ‘pool” and ‘dbplyr’
packages in R. We imputed any missing values in the data based on classification and regression
trees, using the ‘futuremice’ function of the ‘mice’ R package. We then performed a Spearman
correlation between the predictors, keeping only those that were not highly uncorrelated (lrl
< 0.8), to ensure that the global covariance matrix produced by CNFA was not singular, and
thus could provide meaningful results (Rinnan, 2023, see also ‘Climate-Niche Factor analysis’).
Specifically, we included the 30-year mean from 1981-2010 for the bioclimatic variables of
the maximum temperature of the warmest month (BIOS, °C), the minimum temperature of the
coldest month (BIO6, °C) and precipitation of the wettest month (BIO13, kg/m?), as provided
by CHELSA (Karger & Zimmermann, 2019). To complement the calculation of niche measure
with subcatchment-scale variables, we also used the mean downstream slope gradient within
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each subcatchment as a coarse proxy for habitat heterogeneity, as terrain slope impacts the speed
of water flow and thus influences substrate composition, turbidity, oxygen concentration, and
concentration of organic matter. Further, we used stream length (m) as a measure of subcatchment
size and its variation. To account for network position, we used the variables of the mean distance
(m) and elevation difference (m) between the subcatchment and the outlet of the whole catchment.
Finally, to account for long-term soil moisture availability and the physical structure of habitats
(Raduta et al., 2018), we included (i) the compound topographic index (CTI; Beven and Kirkby,
1979), or topographic wetness index provided in Hydrography90m and (ii) the soil consistency
variables of clay, silt, and organic carbon content (clyppt, slt, and orcdrc, respectively) from the
SoilGrids dataset (Poggio et al., 2021). The bioclimatic variables had a resolution of 1 km; all
variables derived from the Hydrography90m had a resolution of 90 m, while the soil variables
had a resolution of 250 m at the equator.

We then assigned a biome to each occurrence based on the raster layer of the biomes sensu
Dinerstein et al. (2017) provided by the Biome inventory dataset (Fischer et al., 2022), using the
function ‘extract_ids’ of the R package ‘hydrographr’ (Schiirz et al., 2023). Before extracting
the values, we expanded the biome layer by ten pixels using the GRASS/GIS function ‘r.grow’
(GRASS Development Team, 2019), as some coastal areas containing species points were not
covered by the original layer. We opted for the Biome inventory dataset because the sampled
EPTO records included both aquatic and terrestrial life-stages, and the limited number of 15

biomes ensured a sufficient number of records per biome.

4.3.2 Climate-Niche Factor analysis

To construct the ecological niches of EPTO genera globally, we used climate-niche factor analysis
(CNFA; Rinnan and Lawler, 2019) including bioclimatic, topographic and soil predictors across
different biomes. CNFA is an adaptation of ecological-niche factor analysis (ENFA) which
quantifies a species’ ecological niche using presence-only data (Hirzel et al., 2002). Both methods
assess this niche by comparing how a species is distributed in ecological space with the wider
distribution of available habitat conditions, known as the global distribution. In the context of
CNFA, the niche breadth is expressed as the sensitivity - or specialisation - while marginality
indicates the niche position of a species in the ecological space. A high sensitivity indicates a
narrow niche breadth, while high marginality corresponds to a niche position further away from
the centroid of the global, i.e. the reference, niche space distribution. Compared to ENFA, the
sensitivity metric provided by CNFA accounts for the amount of specialisation that is captured by

the marginality axis as well. This becomes especially important if the ecological niche is narrow
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along the marginality axis, meaning that the first specialisation axis that is orthogonal to it may
not adequately explain the remaining part of specialisation (Rinnan & Lawler, 2019).

We grouped genus occurrence records and their corresponding predictor values by taxonomic
order and biome, based on the biome classification of Dinerstein et al. (2017), and created a
global covariance matrix (habitat range) for each order in each biome, using the environmental
variables associated with the locations of all order occurrences in the biome. In the cases where a
genus was distributed across multiple biomes, we divided its occurrences into the corresponding
biomes in order to obtain separate niche metrics for each biome.

The ‘CENFA’ package (Rinnan, 2023) requires spatial data, so we converted all data tables
into rasters. We created one raster stack per biome and taxonomic order, including one layer
for each predictor. Each pixel represented a subcatchment and contained the mean value of
the predictor in that subcatchment. In addition, we created a raster stack of the same extent
and resolution, including one layer of subcatchment IDs and one layer for each genus of the
respective order, containing the value 1 in the pixels corresponding to the subcatchments where
the genus occurred. We chose this raster configuration rather than converting the data tables into
spatial rasters to facilitate computation, which would otherwise be impossible given the spatial
extent and resolution of the original data. We used the predictor raster stack of each taxonomic
order and biome and the ‘GLcenfa’ function to create the global covariance matrix between all
predictors. We then fed the ‘GLcenfa’ object into the ‘cnfa’ function and obtained the sensitivity
and marginality for each genus in each biome. We focus on the sensitivity throughout the results
and refer to the results of the marginality analyses in the Supplementary Material (Fig. S1.3,
S1.4).

4.3.3 Sensitivity correlations with richness and latitude

Throughout the methods and results, we use the term “genus sensitivity” to describe the special-
isation of an individual genus in one biome. A genus spreading across three biomes would have
three distinct sensitivity values. Further, we refer to “assemblage-level sensitivity” to describe
the mean sensitivity of the genera co-occurring in one subcatchment or biome. Finally, we define
“genus richness” as the number of genera in the subcatchment or biome, and “species richness”
within a genus as the number of species within a genus in a biome, based on the occurrences in
the Global EPTO Database (Grigoropoulou et al., 2023). To assess how the mean niche sensit-
ivity of the subcatchment and biome assemblages changes with genus richness and latitude, we
correlated the mean sensitivity of all genera within each 1) subcatchment and ii) biome, with

the genus richness and mean absolute latitude — or the absolute latitude of the centroid — of the
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subcatchment and biome, respectively, fitting linear regression models in R. To account for differ-
ences in the number of occurrences in each biome, we correlated the mean sensitivity values per
biome with the number of subcatchments containing genus data in each biome. To test whether
the relationship between niche breadth and latitude was confounded by a potential latitudinal
gradient in the number of species within a genus, we fitted a linear regression with the number of
species per genus across increasing absolute latitude for each order, and correlated the individual
genus sensitivity with the number of species per genus. To test whether genera that are distributed
across different biomes exhibited different niche breadths, we fitted one linear mixed model for
each order to predict genus sensitivity with absolute biome latitude, including genus identity as a
random effect with the formula: genus sensitivity absolute biome latitude + (1lgenus)) using the
R package ‘ImerTest’ (Kuznetsova et al., 2017). In addition, we performed a t-test to compare
the mean genus sensitivity between all the categories of tropical biomes (1, 3, 4, 6) and the boreal
(13) biome. To test whether genus niche breadth is influenced by the number of species within
genera, we correlated genus sensitivity to the number of species within genera in each biome.
Finally, we generated global maps of the mean niche sensitivity of the four taxonomic orders per

biome.

4.4 Results

4.4.1 Global niche sensitivity patterns of aquatic insect genera across bio-

mes

The most specialised niches across all orders were found in montane and tropical/subtropical grass-
lands/shrublands, as revealed by the map of mean niche sensitivity per biome (Fig. 4.1). Spatial
patterns differed for each order. Ephemeroptera with narrow niches were primarily found in trop-
ical/subtropical grasslands / savannas / shrublands. The most specialised Trichoptera occurred
in tropical / subtropical grasslands / savannas / shrublands, and secondarily in temperate conifer
forests and montane grasslands/shrublands. In contrast, the most specialised Plecoptera genera
were found in tropical / subtropical moist broadleaf forests, montane grasslands / shrublands and
temperate conifer forests. Finally, Odonata had the narrowest niches in montane grasslands /
shrublands.
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Figure 4.1: Mean niche sensitivity of aquatic insects across biomes at genus level; high sensitivity (yellow)
indicates a narrow niche breadth; see Table S1.2 for the raw sensitivity values. Biomes based on Dinerstein

et al. (2017); see Table S1.1 and Figure S1.1
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4.4.2 Factors influencing niche sensitivity

Individual genus niche sensitivity, i.e., the sensitivity of the same genus across locations, showed
a weak negative relationship with mean absolute latitude of the genus distribution in each biome
for all orders (Fig. 4.2a). For all orders, the effect of absolute biome latitude was statistically
significant and negative in the linear mixed models (marginal R2 = 0.05, p < 0.001, R2 = 0.09, p
<0.001, R2 =0.0063, p < 0.05,R2 =0.01, p < 0.001, for Ephemeroptera, Plecoptera, Trichoptera,
Odonata, respectively). Individual genus niche sensitivity decreased with increasing number
of species within the genus (Fig. 4.3a). The number of species per genus slightly increased
with increasing absolute latitude only for Ephemeroptera, but was not related to absolute latitude
for the other orders (Fig. 4.3b). Mean biome niche sensitivity was unrelated to the number of

subcatchments containing genus data in each biome for any order (Fig. S1.2).

4.4.3 Individual genus niche sensitivity across biomes

The niche sensitivities of genera distributed across different biomes varied among biomes. When
comparing the individual genus niche sensitivity among biomes, we found that genera in the
tropics had higher sensitivities than the same genera in the boreal or temperate biomes for Eph-
emeroptera, Plecoptera and Odonata, but not for Trichoptera (Fig. 4.2b). The mean individual
genus sensitivity was significantly higher by 0.697 in the tropical than the boreal biome (t-test =
12.7, df = 528, p < 0.001).

4.4.4 Patterns in assemblage-level niche sensitivity with genus richness and
latitude

The mean niche sensitivity of the genera in each subcatchment increased slightly with increasing
genus richness for Ephemeroptera, but decreased for the other orders Fig. 4.4a). Genus richness
in each subcatchment was negatively related to the absolute latitude of the subcatchment for
Ephemeroptera, but positively related for the other orders (Fig. 4.4b). The mean niche sensitivity
of the genera in each subcatchment was negatively related to absolute latitude for all orders (Fig.
4.4c). The mean niche sensitivity of the genera within the different biomes was not related to
genus richness of the biome for all orders (Fig. 4.5a). Genus richness within each biome was

negatively related to the mean absolute latitude of the biome only for Odonata (Fig. 4.5b). Mean
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Figure 4.2: a) Individual genus niche sensitivity with respect to the latitude of the genus distribution in
each biome. b) Niche sensitivities of individual genera that are distributed across different biomes. Biomes
based on Dinerstein et al. (2017); see Table S1.1 and Figure S1.1.
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Figure 4.3: a) Individual genus niche sensitivity with respect to the number of species within each genus in
each biome. b) Number of species within each genus (in logarithmic scale) across absolute latitude of the
genus’ distribution in each biome. The number of species was extracted from the Global EPTO Database
(Grigoropoulou et al., 2023). Biomes based on Dinerstein et al. (2017); see Table S1.1 and Figure S1.1.
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niche sensitivity of the genera within each biome decreased strongly with increasing mean abso-
lute biome latitude for Ephemeroptera and Odonata but was unrelated to latitude for Plecoptera
and Trichoptera (Fig. 4.5¢).
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Figure 4.4: a) Mean niche sensitivity of the genera occurring in each subcatchment against the number
of genera occurring in the subcatchment. b) Genus richness in each subcatchment across mean absolute
latitude of the subcatchment. c) Mean niche sensitivity of the genera occurring in each subcatchment
across mean absolute latitude of the subcatchment. Biomes based on Dinerstein et al. (2017); see Table

S1.1 and Figure S1.1.
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based on Dinerstein et al. (2017); see Table S1.1 and Figure S1.1.
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4.5 Discussion

Mean assemblage niche breadth, or the range of environmental conditions under which co-
occurring genera can persist, increased with increasing absolute latitude at both subcatchment and
biome scales (Fig. 4.4c, 4.5¢). Assemblage niche breadth was not related to genus richness for
any order at the biome scale. At the subcatchment scale, assemblage niche breadth decreased with
genus richness, but only for Ephemeroptera. This is a surprising result, considering the findings of
Granot & Belmaker (2020) that biotic communities are more specialised in relatively species-rich
regions, notwithstanding their latitude. However, according to our expectation, individual genera
of all orders became more specialised as absolute latitude decreased (Fig. 4.1, Table ??). In
particular, niche breadths of genera that occurred in both the tropics and the boreal regions were
significantly narrower in the tropics. This result could be a reflection of the fact that more species
per genus could be taxonomically resolved at the species level in northern latitudes compared
to the less well-studied tropics. Nonetheless, although genus niche breadth did increase with in-
creasing number of species per genus (Fig. 4.3a), there was no significant latitudinal trend in the
number of species per genus, except for Ephemeroptera where the number of species increased
slightly at higher latitudes (Fig. 4.3b). While this could indicate that latitudinal gradients in genus
niche breadth are not greatly affected by differing species richness within genera, we suggest that
the difference in niche breadth across latitude was driven by specialisation at the species level. In
the absence of globally standardised data at the species level, this assumption cannot be validated,
but it could reflect the biogeographical history of EPTO orders.

Aquatic insect lineages originated from, diversified in and migrated to systems of variable
ages along evolutionary time. Tropical regions exhibited climatic stability during the glaciation
periods while northern regions were mostly covered by ice (Brown & Lomolino, 1998). Con-
sequently, Neotropical areas can be seen both as "museums", harbouring persistent lineages, and
"cradles", facilitating continuous speciation (Moreau & Bell, 2013); boreal regions comprise
newer systems subject to shorter periods of speciation and immigration. However, areas that
were formed more recently in geological time and are also isolated, such as New Zealand, might
represent an exception to this pattern because of their high levels of endemism (McGlone et al.,
2001). The different evolutionary and dispersal histories of the EPTO orders have influenced the
varying patterns on their niche-breadth distributions at the genus level. The timing and frequency
of evolutionary events has varied geographically among EPTOs (Garcia-Girén et al., 2024). Most
Odonates originated in the tropics (Garcia-Girén et al., 2024), which is reflected in our finding

of decreasing genus richness with increasing absolute latitude. In contrast, EPT originated and
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diversified mainly in cold-water streams of mid-latitude regions (Ward, 1992), which explains
their high diversity also in higher latitudes. In the case of Ephemeroptera, high latitudes (e.g.,
North America) exhibit greater richness of families and genera, while low latitudes (e.g., South
America) harbour a large number of species (Fochetti & De Figueroa, 2008). Moreover, tropical
Ephemeroptera have shown reduced acclimation ability, and thus a narrower thermal niche, com-
pared with their temperate counterparts (Shah et al., 2021). One of the factors that could explain
our results is the migration of a few generalist, cold-tolerant species from southern refugia to
the north after the last glaciation event (Hewitt, 2004). Such migration could have increased the
genus richness at high latitudes (Massariol et al., 2019; McCafferty, 1998). This explanation
is supported by the finding that the niches of the same genera across biomes were, on average,
narrower in tropical biomes (Fig. 2b). This could imply that, despite some migration of genera
from south to north, adaptive radiation led to the diversification of additional, more specialised
species in the south. A similar hypothesis has been postulated for generalist Trichoptera species
that possibly recolonised northern Europe from southern glaciation refugia (Grigoropoulou et al.,
2022). This hypothesis gains support from our results at the subcatchment scale: on average,
Trichoptera assemblages at higher latitudes were less specialised than at lower latitudes (Fig.
4.4c). In contrast, niche breadths of trichopteran assemblages did not differ significantly among
the Mediterranean, temperate and boreal biomes (Fig. 4.5c), possibly because these biomes
encompassed regions beyond Europe. Extant Plecoptera originated from ancestral forms that
lived in the northern region of Pangea (Holarctic), long before its fragmentation (Letsch et al.,
2021). Plecoptera are generally less diverse in tropical streams, with some families almost absent
in lower latitudes, although Perlidae, which are quite diverse in some parts of the tropics (e.g.
Sivec et al., 1988), are an exception to this general pattern. Plecoptera, having a temperate origin,
invaded tropical streams relatively recently (Sargent et al., 1991), and are still adapting to tropical
habitats (Polato et al., 2018). This would explain the latitudinal trend in the genus richness of
Plecoptera at both scales (Fig. 4.4b, 4.5b), while the increase in niche breadth with absolute
latitude (Fig. 4.4c, 4.5¢) is attributable to the fact that Perlidae are predators, whereas many
other Plecoptera in temperate or boreal regions are primary consumers feeding on coarse and fine
organic material (Merritt et al., 2019).

Niche breadth within assemblages was not related to genus richness, which was also unre-
lated to latitude, except among Odonata. Factors such as landscape and within-river heterogeneity
across similar latitudes might influence the results. For instance, macroinvertebrate communities
in North American and central Asian drainage basins of similar latitude can display differences

in taxa richness, driven by differences in macro-scale connectivity and glaciation history (Maasri
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et al., 2018). In general, climatic stability in terms of temperature decreases poleward, whereas
strong seasonal hydrological alterations in terms of floods, droughts and ice-coverage occur across
different latitudes. For example, landscapes can be more heterogeneous in terms of seasonal vari-
ability and hydrology, undergoing seasonal droughts. Especially in the Mediterranean, stream
intermittence has promoted ecological adaptations leading to both narrower or broader niches,
with taxa being more specialised or tolerant to seasonal environmental fluctuations, respectively
(Bonada & Resh, 2013). Island regions are highly unpredictable and heterogeneous in terms
of geography and climate irrespective of latitude (Whittaker & Fernandez-Palacios, 2007). Ad-
ditionally, high species richness has been observed in mountainous areas with great elevational
gradients (Antonelli et al., 2018). Atitudinal trends of species richness, such as decreasing species
richness in high-altitude streams, might mask latitudinal gradients. For example, higher species
richness is observed in the higher elevations for EPT but in lowland locations for Odonata (Bota-
Sierra et al., 2021; Yanygina, 2022). Altitudinal gradients in niche breadth can be observed in
local studies. In the tropics, where wide temperature variation is traced along altitudinal gradients,
high-elevation Ephemeroptera had greater acclimation ability, meaning a wider thermal niche,
than lowland species (Shah et al., 2021). Yet, adaptations of single species may contribute to a
high variability, as for instance observed by Gallegos-Sanchez et al. (2022) when comparing the
thermal niches of Ephemeroptera and Trichoptera species.

We found that mean niche breadth within assemblages was not related to genus richness at
the biome scale, but it slightly increased with increasing genus richness at the subcatchment
scale for Plecoptera, Trichoptera and Odonata. We recognise that this result might be an artefact
driven by the higher number of observations (subcatchments, as opposed to biomes). However,
our result at the subcatchment scale follows the higher trophic niche specialisation in species-
rich local assemblages, as reported for freshwater mussels in the south-eastern United States
(Sanchez Gonzalez et al., 2023) and fish worldwide (Comte et al., 2016). We also found that
aquatic insect assemblages were more specialised in lower latitudes, in accordance with findings
on climatic niche breadths of macrophytes, which showed positive correlation with latitude but
a weak relation with species richness (Alahuhta et al., 2017). Narrower niches at low latitudes
have been attributed to more intense competition leading to resource partitioning (Dobzhansky,
1950), or trade-offs between dispersal ability and ecological specialisation (Jocque et al., 2010).
Increased genus richness is expected to increase habitat partitioning, but this could be referring
more to resource partitioning rather than other aspects of habitat, such as network position, slope,
or substrate composition, which we used to calculate niche breadth in this study. Instead, genera

might act as equivalent competitors upon these environmental factors, which would give rise
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to a result of niche overlap (Hubbell, 2001). Another factor masking latitudinal patterns in
richness and niche breadth can stem from the fact that niches that could be typically occupied
by particular orders might have been already occupied by other taxa across geological time (i.e.,
niche preemption). For instance, shredder amphipods are abundant in Europe yet scarce in
North America, where their niches are more often occupied by Trichoptera species. Coexistence
patterns of generalist and specialist genera within the assemblages in the different regions can
also mask clear patterns of niche breadth. Mykrd & Heino (2017) found that species-rich stream
macroinvertebrate assemblages harboured more taxa with narrow niche breadths compared to
species-poor assemblages. Moreover, in general, common species tend to have broader niches
while rare species tend to be more specialised (Tonkin et al., 2016). If specialists and generalists
coexist in species-rich assemblages, the mean niche breadth within assemblages can be impacted
by the wider niche breadths of generalist species.

Opposed to previous research on the niche breadth of aquatic macroinvertebrates, which
focused on fewer sites and specific taxa (Heino & Gronroos, 2014; Shah et al., 2021; Siqueira et
al., 2009), our approach encompasses global coverage through the use of comprehensive databases
such as the Global EPTO Database and Hydrography90m. This large spatial extent, combined
with the high spatial resolution of the environmental variables used to construct the genus niches,
enabled us to capture the broad-scale ecological niche specialisation of taxa, highlighting spatial
niche breadth patterns of aquatic insects especially in less-studied regions. Yet, we acknowledge
limitations regarding the sampling and taxonomic biases across the world, as well as the lack
of some broad-scale environmental variables that are meaningful for the detailed representation
of the niche of aquatic insects. The EPTO Database represents the sampling effort of the most-
sampled aquatic insect taxa globally, yet it reveals a discrepancy in the number of observations
and recorded genera between temperate and tropical regions. In particular, temperate zones —
especially North America and Europe — have more extensive data in terms of number of records
and taxonomic identification level (Grigoropoulou et al., 2023). We would expect that wide-
spread genera, sampled across many subcatchments, might appear more generalised than spatially
restricted species, due to a broader range of sampled environmental conditions. However, the
individual genus niche breadth was unrelated to the number of subcatchments where a genus
occurred in each biome, which showed that this sampling bias did not leave such a strong signature
on our results as expected (Fig. S2). Another limitation might lie in taxonomic sufficiency. We
used genus-level information for the main analyses, as aquatic insects are commonly identified
to genus globally. However, to account for the variability in the number of species within a given

genus, we relied on species-level information from the Global EPTO Database. This, however, has
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a varying coverage due to the challenge of identifying individuals at the species level, given a lack
of identification keys. For example, most aquatic insect taxa in South America or South East Asia
are only described at the genus level (Eriksen et al., 2021; Grigoropoulou et al., 2023). In addition,
the identification is also contingent on the life-stages, with adults being more reliable to identify
compared to juveniles. Species checklists provide a promising solution to address the challenge
of defining the number of species within each genus, however they are available at varying spatial
resolution across the world, such as country (Sandall et al., 2022 for Odonata) or biogeographic
regions (Morse, 2011 for Trichoptera), possibly introducing additional uncertainties. However,
the biggest challenge regarding the inclusion of species checklists in studies of global extent is
that most of them are not available in downloadable format (Balian et al., 2008; DeWalt et al.,
2023 for EPTO and Plecoptera, respectively). Another challenge is given by the broad-scale
environmental variables used in our study. We used more direct variables (e.g., temperature) but
also considered proxy variables (e.g., slope gradient approximating flow velocity), as has been
used in other global studies on aquatic insects (Snare et al., 2024). Consequently, local in-stream
environmental characteristics, such as substrate composition, moss coverage, or shading, were

not directly accounted for when delineating the niches.

Outlook

Our study represents one of the first efforts to address the spatial patterns in niche breadth for Eph-
emeroptera, Plecoptera, Trichoptera and Odonata at a global scale. A next step towards the same
direction should integrate phylogenetic and trait information (Garcia-Girén et al., 2023), which
will hopefully become increasingly available at a global extent (for an updated time-calibrated
phylogenetic tree of these orders, see Garcia-Girén et al., 2024). Given that the relationships
between genus or species richness and niche breadth can be mediated by evolutionary history, in-
corporating phylogenetic data can provide a more comprehensive understanding of niche breadth
patterns. Moreover, future studies should take advantage of local community data harmonised
across regions using standardised survey methods, instead of using big data assembled from in-
dividual occurrences to reconstruct species niches (Garcia-Girén et al., 2023; Snare et al., 2024).
We also propose expanding the CENFA analyses using future climatic variables to quantify as-
pects of species sensitivity to climate change and predict how niche breadths may shift in response
to it. Of course, we have to be mindful of the knowledge gaps regarding the Wallacean and Lin-
naean shortfalls (Lomolino & Heaney, 2004), translating to our limited knowledge regarding the

geographic distribution of taxa as well as the taxonomic identification, respectively. We encour-
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age researchers to continue sharing their sampling and taxonomic identification efforts, especially

in less studied regions of the world.

Data availability statement

Species data can be downloaded and visualised at https://glowabio.org/project/epto_database/ and
https://doi.org/10.18728/igb-fred-811.0. The hydrographic data are stored at https://glowabio.
org/project/hydrography90m/, the climatic data at https://envicloud.wsl.ch/#/7prefix=chelsa%
2Fchelsa_V2%2FGLOBAL%?2F. All data can be downloaded and processed using the code
deposited at https://gitlab.com/afrogri37/niche-breadth.
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Chapter 5
General Discussion and Conclusions

Freshwater ecosystems are home to a disproportionately large amount of the world’s biodiversity
relative to their size, while their high prevalence of endemic species makes them particularly
vulnerable to biodiversity loss (Reid et al., 2019). Globally, more than a third of inland wetlands
have faced declines in biodiversity between 1970 and 2015, a rate three times higher than that
in forest ecosystems (Convention on Wetlands, 2021; Darrah et al., 2019). Additionally, only
one-third of large rivers remain free-flowing from source to sea (Grill et al., 2019). The threats
and driving forces behind the ongoing loss of freshwater biodiversity are complex, interrelated,
and often distinct from those affecting terrestrial biodiversity (Bernhardt et al., 2022). Persistent
threats to freshwater biodiversity include habitat loss and degradation, pollution, river fragmenta-
tion, flow modification, overexploitation, invasive species, and several emerging threats such as
climate change, freshwater salinization, riverine aggregate mining, microplastic pollution, and
pharmaceutical use, which exacerbate existing threats (Dudgeon, 2019; Koehnken et al., 2020;
Reid et al., 2019; Strayer & Dudgeon, 2010).

Although vertebrate species are frequently studied in global freshwater biodiversity research
(Tedesco et al., 2017), global-scale studies on macroinvertebrates, particularly aquatic insects,
have been limited. Aquatic insects play crucial ecological roles in freshwater food webs as
both predators and prey (Dudgeon et al., 2006). The limited geographic range of many species
and their sensitivity to environmental changes make them vulnerable to climate change and
habitat degradation (Birrell et al., 2020; Brasil et al., 2020). Among aquatic insects, the orders
of Ephemeroptera, Plecoptera, Trichoptera, and Odonata (EPTO) are especially relevant for
ecological research, since they are highly biodiverse, widely distributed and their aquatic stages

are used as bioindicators, due to their varying sensitivities to water pollution (Simaika et al., 2024)
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Yet, there are still significant gaps in our understanding of taxonomy, ecology and spatial
distribution patterns of aquatic insects (Garcia-Girén et al., 2023; Heino et al., 2018). Three
of these gaps, described as the Linnean, Wallacean and Hutchinsonian shortfalls in biodiversity
(Hortal et al., 2015; Lomolino et al., 2004), are especially prominent for these taxonomic groups.
In order to predict how these would be affected by climate change, we should first delineate
their present-day distributions and assess how these are shaped by their ecological preferences,
biogeographic history, dispersal limitation and biotic interactions. This knowledge could then
serve as a baseline and a guide for conservation planning.

Knowledge gaps in the global distributions of aquatic insects can be traced back to the lack
of publicly available species occurrence data at a global scale (Garcia-Gir6n et al., 2023), and the
complexities of geospatial data processing in freshwater systems, which differ significantly from
terrestrial and marine realms due to stream network topological characteristics (Altermatt et al.,
2013). In this thesis, I aimed to address these challenges by supporting both academic research
on ecological theory and applied research. First, I synthesised numerous local and national efforts
of freshwater biodiversity monitoring to compile a global, openly-available database of geo-
referenced occurrence records of aquatic insects (Chapter 2). Second, I co-led the development of
the R package ‘hydrographr’, a tool for scalable hydrographic and environmental data processing
which enables freshwater ecologists to conduct spatial analyses at high spatial resolution over
large geographic extents (Chapter 3). Finally, I explored the spatial patterns in the niche breadth
of aquatic insects worldwide (Chapter 4) by integrating genus occurrence records from Chapter
2 and a suit of tools and methods created in Chapter 3. The research outlined in Chapter 4
would not have been possible without first, organising and harmonising heterogeneous species
occurrence data worldwide (Chapter 2) and, second, creating new tools to process both species,
environmental and hydrographic data of an unprecedented spatial resolution (Chapter 3). In this
sense, the outcomes of the thesis are highly interconnected and provide an example workflow of
how spatial freshwater biodiversity analyses can be performed under a systematic, reproducible,

open-science approach.

Importance of outcomes

The necessity of data mobilisation and reproducible, applicable science to tackle the biodiversity
crisis is reflected in recent publications (Hawkins, 2024; Ripple et al., 2024). At the same time,
large-scale macroecological analyses are essential in order to disentangle the factors that drive

the current spatial patterns of freshwater biodiversity. Such analyses, however, are hindered by
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the lack of information on species distributions at the global scale and the computational burdens
of processing high-resolution hydrographic data. The outcomes of this thesis directly address
these challenges. A global dataset on aquatic insect occurrences was made openly available to re-
searchers, along with the workflow that I created to compile it (Grigoropoulou, 2024). The maps
depicting worldwide distributions of aquatic insects can contribute to science communication
and thus increase public awareness of this often overlooked taxonomic group. Scalable hydro-
graphic data processing tools created in Chapter 3 have a wide application in spatial freshwater
biodiversity science, with important implications in conservation planning. The vignettes that
I created showcase the reproducibility and direct applicability of ‘hydrographr’ in biodiversity
analysis workflows. Finally, the study on aquatic insect niche breadth represents a synthesis of the
aforementioned data and tools and provides for the first time insights on how genera of varying
niche breadths are distributed worldwide.

A range of analyses that have yet not been conceivable at the global scale are now supported by
both the tools, data and methods developed throughout this thesis. For example, the distribution
of freshwater biodiversity both along the stream network and across basins can now be delineated
using the standardised, globally seamless hydrographic spatial layers of Hydrography90m and the
"hydrographr’ functions. Comparisons of community structure along the network can be carried
out across continents at an unprecedented spatial resolution. Population connectivity analyses
that include even small headwater streams at continental scales can similarly be supported by
the methods developed. One of the greatest strengths of these methods is their ability to be
reproduced and applied to a wide range of species occurrence and hydrographic datasets, making
them highly valuable for advancing ecological research on freshwater ecosystems worldwide.

The first outcome of this thesis has contributed significantly to the understanding of global
freshwater biodiversity of four highly biodiverse taxonomic orders of aquatic insects; Ephemerop-
tera, Plecoptera, Trichoptera and Odonata (EPTO). In particular, the creation of the Global EPTO
Database has resulted in a standardised and comprehensive dataset of aquatic insect occurrences,
revealing global centres of biodiversity as well as important knowledge gaps. The database is
the first effort to put together disparate unpublished occurrence datasets of these taxa, aiming
to support macroecological studies and biodiversity assessments worldwide. The importance of
such an inventory is highlighted by the rapid uptake in the freshwater research domain, where e.g,
Pires et al. (2024) used the data in an assessment of the spatial distributions of Odonata in the
South American Pampa. At the same time, the database is continuously mentioned in studies that
promote open data sharing for applications in global-scale freshwater biodiversity assessments

(De Keyser et al., 2023; Garcia-Gir6n et al., 2023; Mori et al., 2023). In order to support common
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practices in spatial freshwater biodiversity, such as species distribution modelling methods, the
database is interconnected to the Hydrography90m hydrographic dataset (Amatulli et al., 2022).
In particular, since the insect occurrences are attributed the Hydrography90m stream network
subcatchment ID, users can use the ‘hydrographr’ R-package (Schiirz et al., 2023) to carry out
subsequent modelling, network and distance analyses using the data records. This aimed to fa-
cilitate modelling and conservation planning at the level of the subcatchment. Such fine-grained
knowledge of the status of freshwater biodiversity at the global scale is an essential baseline for
creating targeted measures to mitigate the ongoing impacts of global change.

The R package ‘hydrographr’, which was the outcome of Chapter 3, enabled the processing
and querying of freshwater geospatial data for ecological analyses, such as species distribution
modelling, large-scale freshwater-specific longitudinal connectivity and network analyses. The
main advantage of the package compared to similar tools in R (Hijmans, 2023) is its scalability,
which allows for analyses integrating spatial data of high resolution in large geographic extents.
This tool addresses a major challenge in spatial freshwater biodiversity science. In particular,
it allows mapping freshwater biodiversity at a spatial resolution that sufficiently captures even
smaller, first order streams, which account for 80% of the total length of the stream network (Bar-
muta et al., 2009). "hydrographr’ combines the strengths and scalability of available open-source
software with the R-interface, which has become the common standard programming language in
ecological research. The package can be equally useful beyond the realm of freshwater ecological
studies in research efforts targeting large spatial extents using data of high spatial resolution. Im-
portantly, the vignettes created by me and co-authors showcasing easily reproducible workflows
are a highly useful educational tool both as an introduction to freshwater spatial data processing
for beginners, but also for experienced R users. These vignettes start from downloading all the
required data and go through a whole process of data processing and manipulation to reach an
application of either species distribution modelling or network connectivity analysis. Therefore,
along with the detailed documentation of the package’s functions, they support open science by
sharing tools that commonly remain scattered and unpublished.

The fourth Chapter of this thesis represents the first effort to assess the spatial patterns of
ecological niche breadths of aquatic insects at the global scale. The findings have challenged
the assumption that niches are consistently narrower in species-rich tropical regions, and suggest
that spatial patterns of assemblage niche breadth are likely shaped by the evolutionary origins
and dispersal history of EPTO. The relationships that we reported suggest that variability in
niche breadth is related to species richness rather than genus richness, drawing attention to high

intra-generic variability in niche breadth. This result complemented the findings of a large meta-
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analysis of Granot & Belmaker (2020), which mainly focused on non-freshwater and vertebrate
organisms at the species taxonomic level.

The results of the fourth Chapter pinpoint the peril of identifying aquatic insects only to
the genus or family level, which is the common practice in research and ecosystem monitoring.
This approach might be yielding a poor understanding of ecosystem function and the effects of
environmental degradation and change to biodiversity loss. In that way, our conclusions highlight
how the shift away from natural history towards a more applied ecology resulting to a loss of
trained naturalists and taxonomists might have detrimental impacts we have not yet considered.
For instance, it might be prudent to exercise caution before assuming that EPTO assemblages
would be more specialised in regions that host higher numbers of genera, at least when richness
is calculated based on individuals identified at the genus level. Since the niche breadth was found
to be dependent on the number of species rather than number of genera, conservation strategies

focused on the niche breadths of individual species, instead of genera, should be followed.

Experiences learned

There were various challenges arising during the compilation of the Global EPTO Database. A
first challenge stemmed from the lack of globally standardised taxonomic checklists to verify
genus names and taxonomic hierarchies, which can also change over time. Although I used
the most comprehensive tool to taxonomically verify genus and family names (Chamberlain &
Szocs, 2013), there were still several cases in which I needed to manually search for other sources
to validate this information. Moreover, the harmonisation of datasets created through different
perspectives and approaches in data management worldwide posed a significant challenge in this
effort. Different researchers may use different methods to collect and record data, leading to
inconsistencies, such as varying formats, e.g. in the sampling dates, or naming conventions. The
methods of data analysis that are required for organising and standardising such heterogeneous
amounts of data are not intuitive and require versatile tools and the creation of reproducible
programming workflows. The code that I developed to tackle this is openly available on Gitlab
(Grigoropoulou, 2024) and can be readily used to integrate more datasets in the database in the
future. Likewise, the workflows can be implemented to treat similar datasets of other species,
supporting efforts of researchers of other fields. Part of these workflows was integrated in the
‘hydrographr’ R package (Chapter 3), further highlighting the interconnectedness between the

two chapters. For instance, I extracted information on the point of a species’ occurrence from
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spatial environmental layers, such as the elevation or the global subcatchment layer, through the
function ‘extract_ids’ of the ‘hydrographr’ (Schiirz et al., 2023).

The global maps that I created to visualise the Global EPTO database are an important out-
come of Chapter 2, as they showcase the high number of EPTO genera worldwide and the dis-
proportional sampling effort that is concentrated in the Global North (Chapter 2, Fig.1, see also
the interactive maps in https://glowabio.org/project/epto_database). The observed discrepancy
between the count of observations and the genera per basin (Chapter 2, Fig.1) reveal that cer-
tain regions, despite their rich taxonomic diversity, are not adequately represented in terms of
sampling or data digitisation and mobilisation. For instance, this is the case with the Amazon
basin, as well as basins in Africa and south-western Asia. The spatial bias in sampling could mean
that several genera from under-sampled areas are not included in the data. Moreover, I standard-
ised the database at the genus level, given the difficulty of obtaining species-level information in
many highly biodiverse regions. This reflects the notable lack of taxonomic keys at the species
level in tropical regions such as South America and South East Asia as well as in Mediterranean
regions (Boonsoong & Braasch, 2013; Buss & Vitorino, 2010). Besides, the majority of aquatic
insects are identified in their larval stage, and the taxonomy of the larvae remains incomplete in
these areas. However, independently of the biases in sampling, global maps of EPTO occurrence
records and number of genera are a highly useful source of information.

During the work-package that led to Chapter 3, Marlene Schiirz and I led a working group
that developed the functions of the R package "hydrographr’, as well as the resulting publication.
During this collective effort, I built and tested R wrapper functions for command-line functions,
as well as created their respective manual descriptions and reproducible examples. Further, I
managed the online GitHub repository and maintained the package based on users’ feedback.
Finally, I contributed in building the website of the package which provides all the aforementioned
vignettes and installation manuals. Coordinating a research group in order to create and maintain
an R-package was a valuable experience that can teach how to carry out one’s own scientific

research in a reproducible way, considering also the needs of the extended scientific community.

Outlook

Supporting spatial freshwater biodiversity research

The complementary use of aquatic insect occurrence data of the Global EPTO Database and

tools drawn from the ‘hydrographr’ R package can push further research in the field of spatial
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freshwater biodiversity science. For instance, by using time series data of the period 1951-2021
from the best sampled areas in the database, one could track changes in the composition of the
communities and relate them with the change in land cover or climate throughout these years.
Such environmental data can be aggregated to the level of the subcatchment, basin or upstream
basin of the point location using the functions of the ‘hydrographr’. A similar workflow can be
followed to create species distribution models of aquatic insects which would yield present and
future habitat suitability maps that can be used in conservation planning.

Moreover, research questions on the spatial variation of the species composition of assemblages
(B-diversity) can be investigated using species occurrences and functions that yield geographic
distances between locations. Recently, a comprehensive time-calibrated tree of life of aquatic
insects was published (Garcia-Girén et al., 2024), allowing the measuring of phylogenetic biod-
iversity of aquatic insect assemblages worldwide. Patterns of not only taxonomic, but also phylo-
genetic community composition can now be explored and correlated with geographic distances
between communities. These biodiversity metrics are important for inferring community struc-
ture. Whether communities are structured based on nestedness, namely communities with less
species being a subset of more biodiverse communities, or turnover, which is the replacement of
species by different ones in distinct communities (Baselga, 2010), has implications for conserva-
tion strategies. If assemblages are completely nested, conserving the site with the highest species
richness will protect all species. However, many studies especially on aquatic insects have shown
weak nestedness, indicating that rare species are not limited to species-rich sites (Heino, 2009).
In these situations, a conservation strategy that focuses on both unique species in multiple sites
and locations with high species richness is needed (Heino, 2009).

Further, assemblage composition can be explored not only using euclidean distances, but also
along the dendritic stream network. It has been postulated that diversity in rivers is strongly
influenced by dispersal along the dendritic network and that network position shapes the envir-
onmental conditions of locations (Altermatt et al., 2013). In particular, it has been found that
a-diversity is lower in macroinvertebrate communities in more peripheral, first order streams,
while it increases downstream, along with increasing stream order (Finn et al., 2011). In contrast,
increased (3-diversity has been observed among headwater streams at regional scales (Richardson,
2019). If community composition is strongly affected by network position, freshwater diversity
should be addressed and protected considering the river network structure. However, it has also
been found that caddisfly species can disperse between basins (Lancaster et al., 2024), which
would result in more homogenised communities and thus decreased [>-diversity. In this case, the

land areas between streams which serve as dispersal corridors should also be protected. These
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hypotheses, that hold important implications for conservation, can now be tested at larger spatial
scales. This is feasible by using the centrality indices of the ‘hydrographr’, extracting information
on the stream order and elevation on the locations of insect occurrences, and calculating euclidean
and along-the-network distances between assemblages.

The importance of river connectivity has been recently officially recognised, as it is a key
focus of the EU Nature Restoration Law. This legislation mandates the removal of human-made
barriers to help restore the free-flowing condition of a minimum of 25,000 km of rivers in Europe
by 2030 (Mouchlianitis, 2023). However, the potential ecological trade-offs associated with the re-
moval of large dams remain poorly understood (Barbarossa et al., 2020; Ishiyama et al., 2018). To
better understand these trade-offs and prioritise dam removal, it is crucial to focus on freshwater
population connectivity. Analyses that identify how well-connected or isolated specific locations
are within the network can provide valuable insights (W et al., 2024). Tools for such analyses,
which were developed in Chapter 3, can help guide decision-making processes by defining the
cases where dam removal will be most beneficial for freshwater organism populations. Moreover,
the identification of less connected subcatchments can point to the discovery of isolated, genetic-
ally rare populations of species that however highly contribute to within-species biodiversity (e.g.,
Salinas-Ivanenko and Muirria, 2021 and might be otherwise ignored by conservation planning
efforts (Des Roches et al., 2021; Finn et al., 2011; Murria et al., 2013). Such connectivity analyses
can now be carried out at continental scales using Hydrography90m, the highest resolution global
stream network to date, and the scalable tools provided by "hydrographr’.

Integrating functional traits on dispersal capacity (available in, e.g., DISPERSE database,
Sarremejane et al., 2020) with distances between locations where a species was found can aid
in defining the extent to which a species disperses passively along the network as a larva, or
actively, by flying as an adult (Heino et al., 2017). Insects emerging from streams and lakes can
fly to a certain radius around the sources of their emergence. Defining this radius is important,
since aquatic insects are crucial parts of terrestrial food webs, serving as prey for birds and bats.
Therefore, conservation of these terrestrial taxa also relies on the radius of their prey availability.
Moreover, there is growing attention drawn to the transfer of contaminants to terrestrial food
webs through emerging aquatic insects, resulting in bioaccumulation of contaminants in bats and
birds (Becker et al., 2018; Kraus et al., 2023; Previsic et al., 2021). Information on aquatic insect
dispersal is hence crucial for studying the spatial extent of contaminant disposition.

Further hypotheses on niche breadth patterns of aquatic insects can be tested worldwide based
on the results of Chapter 4. For instance, there has been evidence that the realised Grinellian

(environmental requirements) and Eltonian (the species’ role in the community defined by func-
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tional traits) niche are highly correlated in plant pollinator insects (Junker et al., 2019). However,
this remains to be tested in aquatic insects. This can be accomplished by correlating the realised
Grinellian niche position estimates resulting from Chapter 4 (marginality values, see supplement-
ary information of Chapter 4) with estimates of the Eltonian niche, that can be calculated using
trait information (provided, e.g, by www.freshwaterecology.info for European genera). Similarly,
the niche conservatism hypothesis, or the tendency of species and clades to retain their niches and
related ecological traits over time (Wiens et al., 2010), can be tested by relating the phylogenetic
distances of genera (Garcia-Girén et al., 2024) with their differences in niche position and niche
breadth.

Moreover, a niche breadth-driven hypothesis postulates that species-rich and functionally
diverse communities are less likely to be invaded, as diversity of traits allows species to use a
broader range of resources, leaving few resources available for potential invaders (Carscadden
et al., 2020). Assemblage-level niche breadth estimates can be used to predict whether com-
munities can be likely invaded by non-native species. Importantly, narrow niche breadth has
been linked to extinction risk in more than 80% of studies included in a cross-taxon literature
review (Colles et al., 2009). In contrast, a wide niche breadth is expected to allow species to
persist in modified environments under global change (Carscadden et al., 2020). Niche breadth
estimates can inform the vulnerability characterisation of species, complementing criteria such
as range and population size, and abundance of individuals. In addition, assemblage-level niche
breadth estimates per subcatchment can be used in spatial conservation planning to prioritise the
protection of subcatchments with more specialised taxa. The reproducible workflows developed
in Chapter 4 can be implemented to yield niche breadth estimates for any species, using any set
of abiotic variables. This is especially important as new species are increasingly being identified
and new high-resolution global environmental layers are made available (e.g. Parente et al., 2021,

2023; Tolan et al., 2024), facilitating similar analyses.

The need for an open freshwater biodiversity science

A large part of the occurrence records in the Global EPTO database was derived from citizen
science observations from GBIF (GBIF.org, 2020), especially for Odonata (Chapter 2). This
can result in a bias in the spatial coverage of the occurrence records when the data is used
for biodiversity analyses, as in the case of Chapter 4. However, a recent study showed that
by guiding volunteer recorders to areas where their observations are most valuable, based on
model outputs, the quality of species distribution models that rely on citizen science data can be

enhanced (Mondain-Monval et al., 2024). This approach can be effective even if a small part of
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the suggested locations are covered. In this context, the Global EPTO Database can be used as
a baseline to direct citizen science sampling efforts to areas where more information is needed.
Moreover, except for an effort in tackling the spatial bias, future efforts in data sharing should
also focus in integrating species traits in similar databases (as e.g., in the CONUS database for
the contiguous United States, Twardochleb et al., 2021, or in www.freshwaterecology.info) as
well as phylogenetic trees (Garcia-Gir6n et al., 2024).

The tools developed as part of the R package "hydrographr’ are continuously integrated in
national and international projects. First, they are part of a systematic effort of research data
management within Germany, which aims to improve the possibilities for utilising data for science
and society (Nationalen Forschungsdateninfrastruktur, NFDI; https://www.nfdi4biodiversity.org/;
https://www.nfdidearth.de/). Second, ’hydrographr’ is being currently further developed and
used as a baseline tool for creating a virtual research environment that will enable large-scale
hydrographic and biodiversity analyses online, in the context of the project AquaINFRA (https:
//aquainfra.eu/). This service aims to democratise data and services to support freshwater and

marine scientists and stakeholders in Europe.

Conclusions

Despite its increased vulnerability, freshwater biodiversity has received less attention than its
terrestrial and marine counterparts both in terms of academic research and conservation policies
(Harrison et al., 2018; Tickner et al., 2020). Overall, the outcomes of this thesis represent a
substantial advancement in our understanding of freshwater biodiversity and aim to help to inform
future conservation efforts. The synthesis of the three chapters highlights that more broad-scale,
integrative science is needed to tackle challenges at the global scale. The thesis’ contributions
have significant social implications, as freshwater biodiversity is immensely valuable to people,
as shown in the Introduction. Therefore, improving our understanding of freshwater biodiversity

is not only an academic pursuit but also a social necessity.
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Appendix A
Supplementary information for Chapter 2

Table S1. Datasets included in the Global EPTO Database. Both datasets and metadata are avail-
able in the corresponding link as given in the column ‘FRED_link-DOI’. For dataset visualisation,
a link to https://geo.igb-berlin.de/ can be found in the field ‘GeoNode references’ in the FRED
entry of each dataset. (FRED: IGB Freshwater Research and Environmental Database.)
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Finland Heikki Mykré, Jukka v1.0 7 .
- N communit
Aroviita & Timo
Muotka A
Dataset All
Cecilia Brand & ) available upon macroinv
017 EZt-:;oénia Maria Laura ,:rgemln https://doi.orq/lo.18728/iqb—fred—783.JXIETADAT communicatio \(/(l)%C—By) Surber net ertebrate
9 Miserendino n with the ’ communit
authors. y
Species
names and All
Eastern sampling days : - ’ macroinv
020  |Amazon 'I;Zi'l‘:ﬁgt‘:sg 'f‘aﬁga ﬁf}‘f;‘;g; https://doi.org/10.18728/igh-fred-776.IDATASET |available upon \(/?%C BY) |oass  |49.604771|55.07 |1.60 |-46.75 |-3.80 [0,1 316,323 Er;ﬁ’or:s;l‘j‘)”‘i’cal net |ertebrate
EPTO communicatio | ,-2.813635 9 communit
n with the y
authors.
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Dataset [Dataset Stud Previous Data Number |Centroid V‘:‘gtl:eléti ;l":a;(O(::nuosm
Dataset authors tudy FRED_link-DOI Published o Licence  |of coordinat |ulx uly Irx Iry p FEOW Ids Survey method
ID name site DOI availability records les (x,y) on of the
Y status study
All
L. 341,403,413,414 | . macroinv
021 |Macro-mED |[NUraBonada& https://doi.org/10.18728/igh-fred-794.JDATASET [full dataset [ ODCBY) |ogop  [#913426, 171 78 14487 |35.83 [36.03 [0,1,2  |416,418,436,43 [PiPnetand ertebrate
Carmen Zamora v1.0 38.125477 entomological net f
8,501,502,578 communit
Y
All
EPTO taxa . 146.11693 macroinv
022 |from Victoria, fé%maﬁe’;/'zzﬁham& Australia https://fred.igb-berlin.de/data/packageDATASET [full dataset \(I?%C'By) 16004 |- 141.24 |36.02 |149.69 |-39.11 [0,1,2  [807-809 Kick net ertebrate
Australia 9 ’ 37.486385 communit
V4
More accurate
Odonata of . . coordinates -
023 |South Marciel Elio South hitps://doi.org/10.18728/igb-fred-798 JDATASET [2vallable upon(ODC-By) 175, 56.6466711 57 83 2041 5556 [22.17 01 [343 Entomological net |Odonata
America Rodrigues America communicatio v1.0 -
n with the 20.850083
authors.
More accurate Al
EPT from coordinates i macroinv
024  [MOndego \iaiia Jodo Feio  |Portugal https://doi.org/10.18728/igh-fred-781 JDATASET [2Vailable upon|(ODC-By) |74 7.065523, [8.74 [40.71 |7.30 [39.88 02  |412 Kick net ertebrate
river, communicatio [v1.0 10.366997 communit
Portugal n with the ’
authors. Y
Sampling
days available .
EPTO ’ Benthic
025  |genera of '}\("?th\'/e“ FL'OUW& France https://doi.org/10.18728/igh-fred-787.JDATASET [“PON (?%C'By) 37329 ig’;g;g?ﬁ 452 [5091 [0.49 |41.66 [0,1,2  |403,404,414,416(Surber net macroinv
France ris Van Looy communicatio V1. . ertebrates
n with Mathieu
Floury.
Creative i
A survey of Puerto Commons 66.525951
027 Odonata of [Alonso Ramirez Rico https://zenodahttps:/fred.igb-berlin.de/data/packageDATASET |full dataset Attribution (841 18’ 21044 -67.25 [18.51 [|-65.39 [17.95 |0,1 215 Miscellaneous Odonata
Puerto Rico 4.0 3 ’
International
More accurate
Renato Tavares coordinates,
Martins, Ricardo species é%gigg;g
Aquatic Koroiva, Paulo Vilelalg . names and (ODC-By) - 305 307, Aquatic D-net: Benthic
028 Insects - Cruz, Jeane America https://doi.org/10.18728/igb-fred-772.JDATASET |sampling days V1.0 Y. 3885 56.733287 |-108.50 |40.43 |-35.60 [-31.18 |0,1,2 329’331 332 339 Egtomolo icai net macroinv
LACIA-INPA |Marcelle Cavado available upon|” ,-3.666366 4 ) : 9 ertebrates
: L ,343,344,346,35
Nascimento & communicatio >
Neusa Hamada n with the
authors.
Stream
invertebrates 173.95715
from New  |Russell Death & New o . (ODC-By) :
029 Zealand Anna Astorga Zealand https://doi.org/10.18728/igb-fred-801.IDATASET |full dataset V1.0 1865 30 262662 167.38 |-35.19 (177.16 [-46.12 [0,1,2 811
Astorga et al. '
2014
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Dataset [Dataset Stud Previous Data Number |Centroid V‘:‘gtl:eléti ;l":a;(O(::nuosm
Dataset authors tudy FRED_link-DOI Published o Licence  |of coordinat |ulx uly Irx Iry p FEOW Ids Survey method
ID name site DOI availability records les (x,y) on of the
Y status study
Trichopter
a,
Limnephili
Dataset dae,
. available upon ) " Drusinae;
030 ;;g?cé%t;rae Steffen Pauls Europe https,://fred.iqb-berlin.de/data/packaqexlETADAT communicatio \(/C]-)I?)C—By) rlf'e(;kl??t' t?:”al other
p n with the ! 119 p Trichopter
authors. a
collected
opportuni
403-
407,409,411-
(ODC-By) 14.828505 424’4281
031 ZOBODAT [ZOBODAT Europe |https://doi.orgihttps://fred.igb-berlin.de/data/package DATASET |full dataset V1.0 32356 ,45.20505 |-9.46 [70.42 [51.25 (26.17 |0,1,2 430’432_ Miscellaneous
2 434.442,446,503
,999
Jani Heino, Tadeu
Siqueira, John P.
Simaika, Olivier
Dangles, Marcos
Callisto, David
Dudgeon, David
Angeler, Raphael
Ligeiro, Suhaila Ab
Hamid, Salman A.
Al-Shami, Fabio de Dataset
EPTO data Oliveira Roque , available upon
032 from Heino SOSS Thor’r;opson, global https://fred.iqb—berlin.de/data/nackaqeMETADAT conjrt?uir:lcatlo (ODC-8By) Miscellaneous Miscellan
etal. 2015 ean Jacobsen, A n with the v1.0 eous
! /Adriano Melo, individual
Cecilia Brand, Maria authors.
Laura Miserendino,
Ndria Bonada,
Carmen Zamora,
Marciel Elio
Rodrigues, Renato
Tavares Martins,
Neusa Hamada,
Florian Altermatt,
Colin Townsend
EPTO from 101-105,107-
CABIN - CABIN - Canadian - 111,113-
Canadian  |Aquatic . T (ODC-By) 97.112957 | i 133,135,139 ) Miscellan
033 Aquatic Biomonitoring Canada Ihttps:/fred.igb-berlin.de/data/packageDATASET |full dataset V1.0 78359 42.19457 172.72|70.30 |-53.81 (16.13 [0,1,2 160 162,164,165 Miscellaneous eous
Biomonitorin |Network 6 ,167-169,171-
g Network 174,201
All
Poyang Lake : h
Region Mathias ) o . (ODC-By) 117.57687 kick sample with macroinv
034 . Kuemmerlen & China https://doi.org/10.18728/igb-fred-799.JDATASET |full dataset 1141 9,29.8211 |117.37 |29.99 |117.78 [29.61 |0 766 ertebrate
Macroinverte L v1.0 hand net .
b Sonja Jahnig 99 communit
rates Y
14.588186
035 |cPTO from Sweden hitps:/ifred.igb-berlin de/data/packagelDATASET ffull dataset  (o0CBY) 188057 5027787 |11.14 [68.36 [24.05 [55.34 0,12 406
i 5
Swedish
EPTO data : . Macroinv
036 |nostlakes |Richard K. Johnson |Sweden https://fred.igh-berlin.de/data/packageDATASET |full dataset  |OPCBY) |7g991  |16:23334, 144 55 lgg 95 [23.01 [55.35 [0,1,2  |406 E'Ck dsamp'e with e tebrate
and v1.0 61.85284 and net larvae
watercourse
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Dataset |Dataset Stud Previ Dat Number [Centroid WDtPAt. Ta;(onom
IDa aset Datase Dataset authors tudy revious FRED _link-DOI Published [02%@ Licence of coordinat (ulx uly Irx Iry protectl lerow 1ds Survey method Ic focus
name site DOI availability records les (x,y) on of the
Y status study
Kick net (aquatic),
hand-net (aquatic),|[EPTO,
Surber sampler  |Coleopter
N'orweg'ian' o 10.104214 (aquatic), Drift &
037 g'g;"tg”'to”” Tor Enk EVKsen & S Norway https/ffred.igh-berlin de/data/packageDATASET ffull dataset  [S0CBY)  |a474 5152047 133 [69.03 (1891 16945 [0.12  [40540 sampler ((;‘33238 (?:5"0’”
(NIVA) Hand net in Megalopt
helophyte era,
vegetation Hirudinea
(terrestrial)
Odonata of |\, i kati & (ODC-By) 20.836791 and nets, time
039 /Aoos basin Ni Greece https://doi.org/10.18728/igb-fred-797.JDATASET [full dataset 180 ,39.95830 [20.59 [40.14 [21.10 |39.81 0,1 420 constraint visits, |Odonata
i ikos Boukas v1.0
in Greece 5 transects
More accurate
Caddisflies coordinates 100.01003 A .
- . i . - available upon|(ODC-By) 720,721,724,764 |hand nets, kick Trichopter
050 (O:fhisr?;theaSt Xiling Deng China Ihttps://doi.org/10.18728/igb-fred-774.JDATASET con’_lmunicatio V1.0 283 2,728.2418 98.32 (30.18 |102.71 |26.32 (0,1 765 nets, light traps a
n with the
authors.
101-
103,105,107-
110,116-
123,125-
128,130-
135,138-
160,162,164-
168,170,174,201
203,205,216,301
,302,304-
Ephemeropt 21.153585 D S B0
era from ) . h CC BY-NC . S o Ao B
051 GBIE. 1960- GBIF global  |https://doi.orgjhttps://fred.igb-berlin.de/data/packageDATASET [full dataset 40 555275 ,746.45313 -161.57(71.27 |177.99 |-46.89 |0,1,2 2—2421,2423— Miscellaneous
' ' 425,427~
2021 ,

430,440,501,502
,521,569,573,57
5,576,578-

583,602,624,638

642,712,726,730
,732,734,735,73

9,757,758,763,7

66,801-

803,805,807

811,820,901,903
999
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Dataset
ID

Dataset
name

Dataset authors

Study
site

Previous
DOI

FRED_link-DOI

Published

Data
availability

Licence

Number
of
records

Centroid
coordinat
es (x,y)

ulx

uly

Irx

Iry

WDPA
protecti
on
status

FEOW Ids

Survey method

Taxonom
ic focus
of the
study

052

Trichoptera
from GBIF,
1960-2021

GBIF

global

https://doi.org.

https://fred.igb-berlin.de/data/package

DATASET

full dataset

CC BY-NC
4.0

965772

17.101916
,45.81941
2

-173.01

71.28

177.99

-46.91

0,1,2

101-
105,107,109,110
,114-
121,123,125,126
,128-
131,133,135,137

159,168,202,205
,216,301,302,30
4-
308,312,313,316
,318,320,322,32
6-
329,333,344,345
,352,401-
420,422,423,425

428,433,521,522
,561,572,576,57
o-
584,602,605,624
,636,638-
642,709,713,722
,726,727,732-
735,739,746,752
,763,801,802,80
4,805,807-
811,828,901

Miscellaneous

053

Plecoptera
from GBIF,
1960-2021

GBIF

global

https://doi.org.

https://fred.igb-berlin.de/data/package

DATASET

full dataset

CC BY-NC
4.0

204951

17.056803
,48.84425

-173.01

71.28

177.99

-50.49

0,1,2

101-
103,107,109-
111,116-
123,125-
127,130,132,141
-143,146-
148,150,152,153
,155-
159,301,302,304

308,312,343,348
,402-410,412-
418,425,429,602
,605,638-
640,642,735,739
,807-811

Miscellaneous
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Dataset [Dataset Stud Previous Data Number |Centroid V‘:‘gtl:eléti ;l":a;(O(::nuosm
Dataset authors tudy FRED_link-DOI Published o Licence  |of coordinat |ulx uly Irx Iry p FEOW Ids Survey method
ID name site DOI availability records les (x,y) on of the
Y status study
101-105,107-
111,113-
135,137-
176,201-
216,301-
350,352,402-
451,453,501-
518,520-
537,539,540,542
Odonata . . . CCBY-NC - ST bOL. .
054 from GBIF, |GBIF global  |https://doi.orgjhttps://fred.igb-berlin.de/data/packageDATASET (full dataset 4850361 |7.110968, |-179.99(71.16 |179.76 |-54.88 |0,1,2 ’ Miscellaneous
4.0 609,612,613,616
1960-2021 46.761567
-631,633,635-
643,701-
703,705,706,708
-710,712-
749,752,755-
769,801-
821,823,824,826
,828,830,901-
906,909,911,915
,917,918,999
Sami Domisch,
fErc?n:cl)ES?c:;e Miguel B. Araujo, gﬁﬁzglte upon
- Nuria Bonada, . . . METADAT .. |(ODC-By)
055 used in Europe https://fred.igb-berlin.de/data/package; communicatio
. Steffen U. Pauls, A . v1.0
Domisch et Sonia C. Jahni n with the
al., 2013 ja t. 9 authors.
Peter Haase
EPTO of the . - .
056  |RIVPACS |RIVPACS United https://fred.igh-berlin.de/data/packagelDATASET [full dataset  |OPCBY) |so500  |3.471169, [-8.09 [60.80 [1.36 [50.00 0,12  [402,404 Miscellaneous | “iscellan
Kingdom v1.0 eous
dataset 53.978188
IberArtro- - Iberian - . .
Nuria Bonada & B . e (ODC-By) i 403,412- hand nets, kick Trichopter
057 TRICHOPTE Raul Acosta Peninsul https://doi.org/10.18728/igb-fred-790.dDATASET |(full dataset V1.0 9240 3.688279, [-17.79 [43.63 (3.99 28.04 [0,1,2 414,903,904 nets, light traps  |a
RA a 40.780222
Odonata
from the
L 148,155,575,579 ’
Atlas of Atlas of Living . . . P (ODC-By) 146.27303 | i Y ’ Miscellan
058 Living Australia Oceania |https://doi.orgjhttps://fred.igb-berlin.de/data/packageDATASET (full dataset V1.0 39713 2.-30.8371 91.67 |90.00 [159.06 |-43.50 |0,1,2 ’871104’881051915 Miscellaneous eous
Australia, e
1951-2021
EPTO in ! 107.27522 : all benthic
059  [Chinese  [rcngzhitie & China https://doi.org/10.18728/igh-fred-810.3 [DATASET full dataset | O2CBY) |06 [2,20.3835 [09.40 [40.36 [117.75 [25.46 (0,12  |636,725,764-766(<ICK N€L SUMDET oy init
Qinghua Cai v1.0 net, aquatic D-net
streams 97 y
Species 1136‘2 116607' 116629‘EL o
. . ’ names . ,166,167,
Mayflies of |Carolina Nieto, R 171,173,174,201 |, .
066  [South Carlos Molineri &  [SOU htps:/idoi.org/10.18728/igb-fred-795 JDATASET [Avallable upon(ODC-BY) 1777 617248261110 90 0910 |34.85 |5479 0,12 | Lighttraps and  |Ephermer
America Eduardo Dominguez . . ) 207,209,210,301 P
n with the 17.099112
authors. -308,310-

337,339-349,352
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Dataset [Dataset Stud Previous Data Number |Centroid V‘:‘gtl:eléti ;l":a;(()(::l:‘osm
Dataset authors tudy FRED _link-DOI Published A Licence of coordinat (ulx uly Irx Iry P FEOW Ids Survey method
ID name site DOI availability records les (x,y) on of the
Y status study
401-438,440-
Species 442,444-
ztlls;;'%;t'on leélrgl??é?é?tj g\éllzral?lij)le upon|(ODC-By) 11.986395 gggéigggésm Hand net, light Trichopter
067 European ! . Europe https://doi.org/10.18728/igb-fred-775.IDATASET U Y 371796 [,49.59525 |-31.23 (74.48 |132.68 |11.50 [0,1,2 ,626- 119 P
- Neu, Hans Malicky communicatio [v1.0 traps a
Trichoptera . 2 628,630,631,641
genera & Wolfram Graf n with the 701-
authors. 703,705,901,903
,904,999
EPTO of Jorge Garcia-Giron, i
Camino Fernandez- ) . PR (ODC-By) ] A Multihabitat kick  |Aquatic
068 goretl?r:/vestern Alaez & Francisco Spain Ihttps://doi.org/10.18728/igb-fred-789.JDATASET |full dataset V1.0 635 151274212821 6.85 [43.05 [-1.16 [40.22 |0,1,2 412,414 net sampling insects
p Garcia-Criado )
More accurate
coordinates,
species
names and (ODC-By) 85.595753 Aquatic
069 EPT Altai Liubov Yanygina Russia https://doi.org/10.18728/igb-fred-779.IDATASET [sampling days V1.0 Y) ls18 ,52.99538 [67.41 [61.95 (89.61 |49.88 (0,1 602,604 Hand net ingects
available upon|” ™ 6
communicatio
n with the
authors.
Species
EPTO of Emmanuel gzmglfnzngays Kick net, direct Benthic
Nigeria Olusegun Akindele |\ . . . P : (ODC-By) 5.820118, searching of )
070 conservation & Abiodun M. Nigeria |https://doi.orgihttps:/fred.igb-berlin.de/data/packageDATASET ?gﬁllr?wzlr?igapt?on V1.0 211 770035 4.84 8.39 [8.91 595 [0 505,517,518 clingers on g]r?gk;?ggs
areas Adedapo . substrata
n with the
authors.
Rafael Costa
Bastos, Leandro
Odonata of |Schlemmer Brasil, i
o710 [heBast - JFemandoGeraldo g ooy lhinsdoiorglnttps:/ired.igh-berlin.de/data/packageDATASET ffull dataset  |OPCBY) |04 |43.817202|-43.87 |4.46 [43.76 450 o 323 Hand net Odonata
Maranhdo |Carvalho, Lenize v1.0
: = 5 ,-4.484404
state Batista Calvao, José
Orlando de Almeida
Silva, Leandro Juen
EPTO from i EPTO,
Brazilian N Megalopt
072 |Atlantic }:gieﬂeﬂ%“e'ra & lprazil |nttps:/izenoddnttps://fred.igh-beriin.de/data/packageDATASET ffull dataset \(/?%C'By) 1174 [*8140209) 4567 L2382 |47.40 [24.38 0,12  [330,344 Kick net era and
Forest ’ ‘24 132916 Coleopter
streams : a larvae
Macroinverte
brates of | jnique N. Keke & |\, . . (ODC-By) 6.40957,9
073 North E A AI' Nigeria https://doi.org/10.18728/igb-fred-792.IDATASET |full dataset 1 768 2' 782 7r15.48  |9.83 |9.35 9.00 [0 505 Hand net EPTO
Central rancis Arimoro v1.0 57828
Nigeria
EPTO from EPTO,
Western L : 23.975406 Megalopt
074 [Finnish [189e4 SIAUeIra & einiang - ps:y/zenoddhttps:ifred.igh-beriin.defdata/packagdDATASET [full dataset  [(G0CY) |1062  |62.87749 2149 [65.12 [27.97 [60.41 0.2 406 Kick net era and
streams and ’ 4 Coleopter
rivers a larvae
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Dataset [Dataset Study  [Previ Dat Number |Centroid oroteti e focue
IDa aset Datase Dataset authors tudy revious FRED _link-DOI Published [02%@ Licence of coordinat (ulx uly Irx Iry protectl lerow 1ds Survey method Ic focus
name site DOI availability records les (x,y) on of the
Y status study
Ephemer
optera
Species naiads,
Er;?:emeropt Yusdiel Torres- names - g?vo;eata
075 [Trichoptera ggﬂ”obsagj;‘fr” Cuba Ihttps://doi.org/10.18728/igb-fred-778 JDATASET ‘;‘m';ﬂ'ﬁl upon \(/?%C'By) 3286 ,7276?9189722053 8495 [2315 7415 [19.92 012 |11 r':*;”d net, D-frame g
and Odonata Salina n with the 2 imagos,
of Cuba authors Trichopter
’ a larvae
and
imagos
102,103,105,109
,118,120,121,12
4,125,130,131,1
34,135,138-
140,143,145,146
,148-
150,154,156,159
-165,167-
Dennis R. i 175,201-
076 gaéulson Dennis R. Paulson |global Ihttps://fred.igb-berlin.de/data/packageDATASET |full dataset (ODC-By) 9370 70.690637 [-147.87 |64.86 [155.75 [-43.25 |0,1,2 206,206- Hand net Odonata
onata v1.0 0.354088 210,214,301-
Collection = 313,316-
321,324,329,330
,332-
334,336,337,339
348,352,504,515
,516,606,613,62
3,641,709,764,8
01,805,807-809
Aquatic T . Aquatic
077 [MSectS Ol lpeter Haase Germany htps:/Idoi.0rg/10.18728/igb-fred-773 {DATASET il dataset |00 ®Y) |ooag 2149780 lg g 5046 053 |50.04 0,12  |40a r'\{'e“t'ts'zar}]bp"tlﬁfgk'c‘( insects i
German general
Freshwater
insects
CONUS:
Freshwater .
insect Laura Twardochleb, doi:10.6073/ - 103,107,109,116 . .
occurrences [Ethan Hiltner pasta/ . . (ODC-By) 100.90311 [118,120- D-frame dipnet,  Aquatic
078 . } USA 8238ea9bcl5 |https://fred.igb-berlin.de/data/package DATASET |[full dataset 769162 y -124.46 (48.97 |-67.24 |29.04 [0,1,2 ; Hester-Dendy, insects in
and traits for [Mathew Pyne, 8340844h3202 v1.0 6,37.1757 133,140- Surber general
the ) Phoebe Zarnetske 3b6b6ed158 4 155,157-159
contiguous
United

States, 2001

- 2018




109

Appendix B

Supplementary information for Chapter 3



110
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Supplementary information for the manuscript: hydrographr: an
R package for scalable hydrographic data processing

. 1 The Hydrography90m dataset

2 The Hydrography90m dataset (Amatulli et al., 2022) addresses such small streams with unprecedented spatial
3 detail, providing a globally seamless and standardized hydrographic dataset. The small channelisation
s+ threshold of 0.05km? in Hydrography90m, i.e, the upstream contributing area until a stream channel is
s initiated, allows capturing small non-perennial streams and their headwaters. Although such streams are
¢ estimated to have an average channel length of only ca. 150 m (Jaeger et al., 2007; Hansen, 2001), they
7 have been estimated to contribute more than 70 % to the overall length of a hydrographic network (Lowe &
s Likens, 2005; Leopold et al., 1964), providing unique habitats and refugia for biodiversity (Finn et al., 2011;
o Clarke et al., 2008). Hydrography90m therefore provides an important stepping stone towards improving

10 our understanding of freshwater biodiversity patterns at even greater spatial detail than previously possible.

» 2 The hydrographr R-package dependencies

1 Command-line geospatial data processing tools

13 » Geospatial Data Abstraction Library (GDAL) (GDAL Development Team, 2020)
14 o Geographic Resources Analysis Support System (GRASS GIS) (GRASS Development Team, 2022)

15 GDAL/OGR is a translator library for geospatial data, offering a variety of command line utilities for
16 data translation and processing. GRASS GIS is a powerful raster, vector, and geospatial processing engine
7 including tools for terrain and ecosystem modelling, hydrology and the processing of satellite and aerial

18 imagery (Neteler & Mitasova, 2013).

19 Other command-line data processing tools

2 o GNU parallel (Tange et al., 2011)
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+ GNU bc
o AWK (Aho et al., 1979)
o sed (Pizzini et al., 2018)
e dos2unix

GNU parallel is a shell tool for executing jobs in parallel on multiple cores. GNU bc is an arbitrary
precision numeric processing language, implemented in the function snap_to_subc_segment. sed parses
and transforms text and allows in-place editing of files. AWK is a text processing tool and typically used
for data extraction and reporting. dos2unix converts line endings in a text file from Windows to Linux and

vice versa.

R packages
o processx (Csardi & Chang, 2023)

+ data.table (Dowle & Srinivasan, 2022)

o dplyr (Wickham et al., 2022)

o tidyr (Wickham et al., 2023)

o rlang (Henry & Wickham, 2022)

+ terra (Hijmans, 2023)

o sf (Pebesma, 2018)

o DBI (R Special Interest Group on Databases (R-SIG-DB) et al., 2022)
o RSQLite (Miiller et al., 2022)

o doParallel (Corporation & Weston, 2022)
o parallel (Bengtsson, 2021a)

o foreach (Microsoft & Weston, 2022)

o future (Bengtsson, 2021b)

o future.apply (Bengtsson, 2021b)

o igraph (Csardi & Nepusz, 2006)
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" o stringi (Gagolewski, 2022)

“ o stringr (Wickham, 2022)

« 3 Usage with other spatial datasets

s Although optimized for the Hydrography90m dataset, some of the functions can handle other spatial
so datasets. For instance, extract_ids can extract any value from a raster at a given point location. Likewise,
si  snap_to_network can also be used with other stream network datasets, such as the NHDPlusHR (Buto
2 & Anderson, 2020) (see https://glowabio.github.io/hydrographr/articles/example_other_stream_
53 networks.html and S4). A further example is the extract_zonal_stat function that can calculate the
s« zonal statistics of any environmental raster layer, such as the Climatologies at high resolution for the earth’s
ss land surface areas (CHELSA) dataset (Karger & Zimmermann, 2019)(see also case study 1, S2) or the
s Global Streamflow Characteristics Dataset (GSCD) (Beck et al., 2015) for any kind of regional units (e.g.,

s»  Pfaffstetter sub-basins or protected areas) or using zones from another stream network (S4).
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Case study - Cuba

Processing of spatial data before and after a Species Distribution Model
2023-05-23

Introduction

The following example showcases the functionality of the hydrographr package along a species distribution
modelling (SDM) workflow. We will use an SDM to predict the suitable habitats of a dragonfly species
in Cuba. We will start by defining the regular tiles of the Hydrography90m (Amatulli et al., 2022) where
the occurrence points of the species are located. Afterwards we will download the Hydrography90m and
CHELSA Bioclim (Karger & Zimmermann, 2019) layers of the predictor variables, crop them and merge
them, if necessary. Then, we will aggregate the variable values within each sub-catchment of the study area,
keeping as predictors their mean and SD per sub-catchment. Using the random forest (RF) algorithm, we
will build a simple SDM and predict where the species could potentially occur. Finally, we will reclassify the
layer of all the sub-catchments in the study area, creating a habitat suitability map.

h08v06 h10v06

h08v06 download_tiles
h10v06e !
&
1 T e L i Ty
& extract_ids > merge_tiles »
sub-catchment 1Ds: pm— -

399760420
422562631
422735949

prob_
slope_cury slope_curv bl occurrence
subc 10 Pl max dw c "oy max dw col length SDM 398552461 .02
LR a4 — 300502865 .02
0000 275 015 e00 021 3048 — 305563700 03
w563l 2545 001 000 ool zse | Prediction e )
extract_zonal_stat 422736645 266 001 0.03 002 e3343 96563017 002
300503818 008

raster_reclass

Hypolestes trinitatis is a damselfly species endemic to Cuba. The species inhabits rivers and streams located
in forest areas at the main mountain ranges of eastern and central Cuba. The presence of riparian forests as
well as clean and well oxygenated water seems to be important ecological conditions required by H. trinitatis.
Larvae can be found clinging to boulders and cobbles in the river bed at fast-flowing water stream segments
and pre-reproductive adults of both sexes and sexually mature females remain most of the time in the
vegetation of the riparian forest where they find shelter and prey.

Let’s get started!

Load required libraries
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library (hydrographr)
library(data.table)
library(dplyr)
library(terra)
library(tools)
library(stringr)
library(ranger)
library(leaflet)
library(leafem)

Define working directory

# Define the "data_cuba" directory, where you have downloaded all the data,
# as the working directory

wdir <- "my/working/directory/data_cuba"

setwd (wdir)

# Create a new folder in the working directory to store all the data
dir.create("data")

Species data

We will start by downloading a dataset including aquatic insect occurrence records in Cuba from https:
//doi.org/10.18728 /igh-fred-778.3 (Cambas & Salina, 2022).

download.file("https://fred.igb-berlin.de/data/file_download/1395",
destfile = pasteO(wdir, "/data/spdata_cuba.csv"), mode = "wb")

Import the dataset and select the occurrences of the species of interest, sampled after the year 1980 (to match
with the climate data)

spdata <- fread(pasteO(wdir, "/data/spdata_cuba.csv"), sep = "\t", fill = TRUE) %>%
filter(species == "Hypolestes_trinitatis") ¥%>%
filter(year > 1980)

Subset columns

spdata <- spdata %>%
dplyr::select(c("occurrence_ID", "species", "longitude", "latitude", "year"))

spdata
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occurrence_ ID | species longitude | latitude | year
107705340 | Hypolestes_ trinitatis -75.73 20.01 | 2006
107705519 | Hypolestes_ trinitatis -75.37 20.40 | 2003
107705533 | Hypolestes_ trinitatis -75.78 20.50 | 1998
107705535 | Hypolestes_ trinitatis -77.03 20.20 | 1998
107705546 | Hypolestes_ trinitatis -74.81 20.44 | 2008
107705657 | Hypolestes_ trinitatis -75.76 20.09 | 2012
107705727 | Hypolestes_ trinitatis -80.06 21.96 | 2015
107705733 | Hypolestes_ trinitatis -76.04 20.03 | 2011
107705744 | Hypolestes_ trinitatis -74.71 20.44 | 2004
107705863 | Hypolestes_ trinitatis -75.76 20.09 | 2004
107706093 | Hypolestes_ trinitatis -76.77 20.00 | 1996
107706107 | Hypolestes_ trinitatis -75.44 20.58 | 2001
107706146 | Hypolestes_ trinitatis -75.34 20.53 | 2001
107706216 | Hypolestes_ trinitatis -75.44 20.58 | 2001
107706217 | Hypolestes_ trinitatis -75.53 20.54 | 2001
107706218 | Hypolestes_ trinitatis -75.53 20.54 | 2001
107706240 | Hypolestes trinitatis -76.31 20.21 | 2003
107706332 | Hypolestes_ trinitatis -75.77 20.41 | 2001
107706355 | Hypolestes_ trinitatis -75.66 20.61 | 2001
107706359 | Hypolestes_ trinitatis -75.66 20.46 | 2001
107706363 | Hypolestes_ trinitatis -75.74 20.58 | 2000
107706366 | Hypolestes_ trinitatis -75.65 20.60 | 2001
107706369 | Hypolestes_ trinitatis -75.64 20.65 | 2000
107706370 | Hypolestes_ trinitatis -75.69 20.60 | 1999
107706375 | Hypolestes_ trinitatis -75.71 20.44 | 2000
107706378 | Hypolestes_ trinitatis -75.77 20.45 | 1999
107706384 | Hypolestes_ trinitatis -75.65 20.60 | 2001
107706385 | Hypolestes_ trinitatis -75.65 20.60 | 2001
107706386 | Hypolestes_ trinitatis -75.66 20.46 | 2000
107706387 | Hypolestes_ trinitatis -75.66 20.46 | 2001
107706388 | Hypolestes_ trinitatis -75.77 20.45 | 1999
107706420 | Hypolestes_ trinitatis -76.11 20.07 | 2005
107706436 | Hypolestes_ trinitatis -74.84 20.43 | 1998
107706561 | Hypolestes_ trinitatis -75.37 20.40 | 2004
107706589 | Hypolestes_ trinitatis -77.04 20.09 | 1998
107706709 | Hypolestes_ trinitatis -74.99 20.48 | 2003
107706715 | Hypolestes_ trinitatis -75.39 20.57 | 2004
107706720 | Hypolestes_ trinitatis -76.66 20.04 | 2004
107706807 | Hypolestes_ trinitatis -75.06 20.46 | 2003
107706909 | Hypolestes_ trinitatis -75.70 19.96 | 2001
107706916 | Hypolestes_ trinitatis -75.75 20.05 | 1996
107706937 | Hypolestes_ trinitatis -74.91 20.39 | 2003
107706938 | Hypolestes_ trinitatis -75.13 20.52 | 2003

Let’s visualise the species occurrences on the map

# Convert species data to a spatial vector object to plot the points
spdata_vect <- vect(spdata, c("longitude", "latitude"))

Let’s define the extent (bounding box) of the study area (xmin, ymin, xmax, ymax)
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bbox <- c(-84.9749110583, 19.8554808619, -74.1780248685, 23.1886107447)

m <- leaflet() %>%
addProviderTiles('Esri.WorldShadedRelief') %>%
setMaxBounds (bbox[1], bbox[2], bbox[3], bbox[4]) %>%
addCircles(data = spdata_vect, color = "purple") # data = spdata

Download files

In order to download layers of the Hydrography90m, we need to know the IDs of the 20°x20° tiles in which
they are located. We can obtain these IDs using the function get_tile id(). This function downloads and
uses the auxiliary raster file that contains all the regional units globally, and thus requires an active internet
connection.

tile_id <- get_tile_id(data = spdata, lon = "longitude", lat = "latitude")
tile_id
## [1] "hO8v06" "h10v04" "h10v06"

Currently the function returns all the tiles of the regional unit where the input points are located. However,
some of them may be far from the study area and hence not always needed in further steps. Please double
check which tile IDs are relevant for your purpose using the Tile map found here.

In our case, Cuba spreads across two tiles, which hold the IDs “h08v06” and “h10v06”, so we will keep only
these two.

tile_id <- tile_id[c(1,3)]

Let’s define the Hydrography90m variables that we would like to download. We will use the variables
slope_curv_max_dw_ cel (maximum curvature between the highest upstream, focal and downstream cell)
and spi (Stream Power Index) and stream length as predictors in our model.

Additionally, we will download the sub_ catchment layer, which is the necessary base-layer for the workflow.

A list of all available Hydrography90m variables, as well as details and visualisations are available here.
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# Variables in raster format

vars_tif <- c("sub_catchment", "slope_curv_max_dw_cel", "spi")

# Variables in vector format. This layerholds the information on stream length
vars_gpkg <- c("order_vect_point")

# Download the .tif tiles of the desired wvariables
download_tiles(variable = vars_tif, tile_id = tile_id, file_format = "tif",
download_dir = "data")

# Download the .gpkg tiles of the desired wariables
download_tiles(variable = vars_gpkg, tile_id = tile_id, file_format = "gpkg",
download_dir = "data")

Then download the CHELSA present and future Bioclim variables

For a quick outlook on the bioclimatic variables you can have a look here.

# Create download directory
dir.create(pasteO(wdir, "/data/chelsa_bioclim"))

# Extend timeout to 1000s to allow uninterrupted downloading
options(timeout = 1000)

# Define download paths

chelsa_url <- "https://os.zhdk.cloud.switch.ch/envicloud/chelsa/chelsa_V2/GLOBAL/climatologies/"
chelsa_url_pres <- pasteO(chelsa_url, "1981-2010/bio/")

chelsa_url_fut <- pasteO(chelsa_url, "2041-2070/IPSL-CM6A-LR/ssp370/bio/")

# Download

# Present, 1981-2010

download.file(pasteO(chelsa_url_pres, "CHELSA biol2 1981-2010_V.2.1.tif"),

destfile = "./bio12_1981-2010.tif", mode = "wb")

download.file(pasteO(chelsa_url_pres, "CHELSA biol5_1981-2010_V.2.1.tif"),

destfile = "data/chelsa_bioclim/biol5_1981-2010.tif", mode = "wb")
download.file(pasteO(chelsa_url_pres, "CHELSA biol_ 1981-2010_V.2.1.tif"),

destfile = "data/chelsa_bioclim/biol_1981-2010.tif", mode = "wb")

# Future, 2041-2070

download.file(pasteO(chelsa_url_fut, "CHELSA_biol2_2041-2070_ipsl-cm6a-lr_ssp370_V.2.1.tif"),
destfile = "data/chelsa_bioclim/biol12_ IPSL-CM6A-LR_ssp370_2041-2070.tif", mode = "wb")
download.file(pasteO(chelsa_url_fut, "CHELSA_biol5_2041-2070_ipsl-cm6a-lr_ssp370_V.2.1.tif"),
destfile = "data/chelsa_bioclim/biol5_IPSL-CM6A-LR_ssp370_2041-2070.tif", mode = "wb")
download.file(pasteO(chelsa_url_fut, "CHELSA_biol_2041-2070_ipsl-cm6a-lr_ssp370_V.2.1.tif"),
destfile = "biol_ IPSL-CM6A-LR_ssp370_2041-2070.tif", mode = "wb")
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Cropping

After having downloaded all the layers, we need to crop them to the extent of our study area. This is
straightforward in the case of the global CHELSA layers:

We define the directory containing the layers to be cropped

dirs_chelsa <- pasteO(wdir, "/data/chelsa_bioclim")

. and the final output directory

# Define output directory for merged files
layer_dir <- pasteO(wdir, "/data/final_layers")
# Create the directory

dir.create(layer_dir)

We then crop the files using the function crop_to_extent() in a loop

files_chelsa <- list.files(dirs_chelsa, pattern = ".tif", full.names = TRUE)

for(ifile in files_chelsa) {
crop_to_extent(
raster_layer = ifile,
bounding_box = bbox,
out_dir = layer_dir,
file name = basename(ifile),
read = FALSE,
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TRUE)
}

However, the hydrographic variable slope_curv_maz_dw_cel (the maximum curvature between the highest
upstream, the focal, and the downstream cell) is split across two tiles. We highly recommend to first crop the
tiles to the extent of the study area to limit their size, and afterwards merge them into one file.

Again, we will first define the input directories, but this time we will store the cropped files in the same
directory as the input files, as there is an extra step before reaching to the final output.

dirs_h90m <- list.dirs(pasteO(wdir, "/data"),
TRUE, TRUE)

dirs_h90m <- dirs_h90m[grep("tiles20d", dirs_h90m)]

for(idir in dirs_h90m) {
# only choose rasters
tiles <- list.files(idir, ".tif$", TRUE)
for(itile in tiles) {
crop_to_extent(

itile,
bbox,
idir,
pasteO(str_remove(basename(itile), ".tif"), "_crop.tif"),
FALSE,
TRUE)
}
}
Merging

The cropped tiles of the variable now need to be merged together.

# This can be done sequentially:
idir <- dirs_h90m[1]

merge_tiles( idir,
list.files(idir, FALSE,
"_crop.tif"),
layer_dir,
"spi.tif",
FALSE)
idir <- dirs_h90m[3]
merge_tiles( idir,
list.files(idir, FALSE,
"_crop.tif"),

layer_dir,
"slope_curv_max_dw_cel.tif",
FALSE)

idir <- dirs_h90m[4]
merge_tiles( idir,
list.files(idir, FALSE,
"_crop.tif"),
layer_dir,
"sub_catchment.tif",
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Table 1: The species data have now their corresponding sub-catchment ids

longitude | latitude | occurrence ID | subcatchment_ id
-75.73 20.01 107705340 422886180
-75.37 20.40 107705519 422816272
-75.78 20.50 107705533 422801107
-77.03 20.20 107705535 422851157
-74.81 20.44 107705546 422809465
-75.76 20.09 107705657 422872031

FALSE)

# ...or in a loop
for(idir in dirs_h90m) {
# Get input file extension
file_extension <- file_ext(list.files(idir, FALSE) [1]1)

# Assign file extension to output files
ivar_name <- pasteO(

str_remove (basename (idir), "_tiles20d4d"), ".", file_extension
)
# Run the function
merge_tiles( idir,
list.files(idir, FALSE,

"_crop.tif"),
layer_dir,
ivar_name,
FALSE)

Extraction of sub-catchment IDs

Extract the IDs of the sub-catchments where the points are located. This step is crucial, as many of the
functions that we will later use require a vector of sub-catchment IDs as input. Note that the function
extract_ids() can be used to extract the values at specific points of any raster file provided to the argument
subc__layer. It can be safely used to query very large raster files, as these are not loaded into R.

spdata_ids <- extract_ids( spdata, "longitude", "latitude",
"occurrence_ID", FALSE,
pasteO(layer_dir, "/sub_catchment.tif"))

Aggregation of environmental layers

We will calculate the zonal statistics of the Hydrography90m and the CHELSA Bioclim variables for all
the sub-catchments of the study area. Caution, don’t increase the number of cores to more than 3 as this
can cause memory problems. However, this highly depends to the number of sub-catchments as well. We
recommend to test the function with different parameters to find out what works best for your case.

# Define input wvar_layers for the extract_zonal_stat() function
var_layers <- list.files(layer_dir) [-9]
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# var_layers <- list.files(layer_dir)[c(3,5,7)]
var_layers

## [1] "biol_1981-2010.tif"

## [2] "biol_ IPSL-CM6A-LR_ssp370_2041-2070.tif"
## [3] "biol12_1981-2010.tif"

## [4] "biol2_ IPSL-CM6A-LR_ssp370_2041-2070.tif"
## [5] "biol5_1981-2010.tif"

## [6] "biol5_IPSL-CM6A-LR_ssp370_2041-2070.tif"
## [7] "slope_curv_max_dw_cel.tif"

## [8] "spi.tif"

A good practice before aggregating the variables is to check their NoData values:

report_no_data(data_dir = layer_dir, var_ layer = var_layers)

## Raster NoData
## 1 bio15_1981-2010.tif 0
## 2 biol_1981-2010.tif 0
## 3 biol_IPSL-CM6A-LR_ssp370_2041-2070.tif 0
## 4 biol12 1981-2010.tif 0
## 5 biol2_IPSL-CM6A-LR_ssp370_2041-2070.tif 0
## 6 biol5_IPSL-CM6A-LR_ssp370_2041-2070.tif 0
## 7 slope_curv_max_dw_cel.tif -9999999
## 8 spi.tif -9999999

# Run the function that returns the zonal statistics
stats_table_zon <- extract_zonal_stat(
data_dir = layer_dir,
subc_layer = pasteO(layer_dir, "/sub_catchment.tif"),
subc_id = "all",
var_ layer = var_layers,
out_dir = pasteO(wdir, "/data"),
file_name = "zonal_stats.csv",
n_cores = 2)

The function also reports the NoData values that are used in the calculation of the zonal statistics of each
variable.

# Read the previously created file
stats_table_zon <- fread(pasteO(wdir, "/data/zonal_stats.csv"))

Let’s inspect the resulting table

subc_id | biol_1981.2010_min | biol _1981.2010_max | biol_1981.2010_range | biol_1981.2010_mean | biol_1981.2010_sd | biol_IPSL.CMGA.LR_ssp370_2041.2070_min | biol_IPSL.CM6A LR_ssp370_2041.2070_max
399502461 2986 2086 0 2086 0 3005 3005
399592865 2936 2086 0 2986 0 3005 3005
399593700 2936 2956 0 2986 0 3005 3005
399593701 2986 2086 0 2086 0 3005 3005
399503817 2986 2086 0 2086 0 3005 3005
399593818 2936 2086 0 2986 0 3005 3005

colnames (stats_table_zon)

## [1] "subc_id"

## [2] "biol_1981.2010_min"

## [3] "biol_1981.2010_max"

## [4] "biol_1981.2010_range"

## [5] "biol_1981.2010_mean"

## [6] "biol 1981.2010_sd"

## [7] "biol_IPSL.CM6A.LR_ssp370_2041.2070_min"
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## [8] "biol_IPSL.CM6A.LR_ssp370_2041.2070_max"
## [9] "biol_IPSL.CM6A.LR_ssp370_2041.2070_range"
## [10] "biol _IPSL.CM6A.LR_ssp370_2041.2070_mean"
## [11] "biol_IPSL.CM6A.LR_ssp370_2041.2070_sd"

## [12] "bio12_1981.2010_min"

## [13] "bio12_1981.2010_max"

## [14] "bio12_1981.2010_range"

## [15] "bio12_1981.2010_mean"

## [16] "biol2 1981.2010 sd"

## [17] "biol2_IPSL.CM6A.LR_ssp370_2041.2070_min"
## [18] "bio12 IPSL.CM6A.LR_ssp370_2041.2070_max"
## [19] "biol2_IPSL.CM6A.LR_ssp370_2041.2070_range"
## [20] "bio12 IPSL.CM6A.LR_ssp370_2041.2070_mean"
## [21] "biol2_IPSL.CM6A.LR_ssp370_2041.2070_sd"
## [22] "bio15_1981.2010 min"

## [23] "bio15_1981.2010_max"

## [24] "biol5_1981.2010_range"

## [25] "biol15_1981.2010_mean"

## [26] "bio15_1981.2010_sd"

## [27] "biolb5_IPSL.CM6A.LR_ssp370_2041.2070_min"
## [28] "biolb5_IPSL.CM6A.LR_ssp370_2041.2070_max"
## [29] "biol5_IPSL.CM6A.LR_ssp370_2041.2070_range"
## [30] "biolb5_IPSL.CM6A.LR_ssp370_2041.2070_mean"
## [31] "biol5_IPSL.CM6A.LR_ssp370_2041.2070_sd"
## [32] "slope_curv_max_dw_cel_min"

## [33] "slope_curv_max_dw_cel_max"

## [34] "slope_curv_max_dw_cel_range"

## [35] "slope_curv_max_dw_cel_mean"

## [36] "slope_curv_max_dw_cel_sd"

## [37] "spi_min"

## [38] "spi_max"

## [39] "spi_range"

## [40] "spi_mean"

## [41] "spi_sd"

We will keep only the mean and sd of each variable of the stats_ table, to use them as predictors in the species
distribution model

stats_table_zon <- stats_table_zon %>%
dplyr::select(contains("subc") | ends_with("_mean") | ends_with("_sd")) %>%
rename ('subcatchment_id' = 'subc_id')

Reading vector files

Read in the .gpkg databases of the two tiles, filtering only the sub-catchments of the study area. Their IDs
can be retrieved from the stats table

stats_gpkg_h08v06 <- read_geopackage (
"data/r.stream.order/order_vect_tiles20d/order_vect_point_h08v06.gpkg",
stats_table_zon$subcatchment_id) %>%
rename ('subcatchment_id' = 'stream')

stats_gpkg_h10v06 <- read_geopackage(

"data/r.stream.order/order_vect_tiles20d/order_vect_point_h10v06.gpkg",
stats_table_zon$subcatchment_id) %>%

10
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rename ('subcatchment_id' = 'stream')

Then we join the two .gpkg databases and select the columns “subcatchment_id” and “length”. We will use

the length of the stream as an indicator of the sub-catchment size

stats_gpkg <- rbind(stats_gpkg h08v06, stats_gpkg_h10v06) %>%
dplyr::select(c("subcatchment_id", "length"))

# Clear up memory
rm(stats_gpkg_h08v06, stats_gpkg h10v06); gc()

#i# used (Mb) gc trigger (Mb) max used (Mb)
## Ncells 4481619 239.4 8235471 439.9 6988949 373.3
## Vcells 25576147 195.2 55381382 422.6 48387960 369.2

Prepare data for modelling

Join the stats_ table with the .gpkg database
stats_table <- left_join(stats_table_zon, stats_gpkg,

"subcatchment_id")

The values in the original raster files were scaled, so we need to re-scale them before the modelling

We define the following functions:

F) (x * 0.000001)
F) (x x 0.1)
F) (x - 273.15)

slope_scale <- function(x,
clim_scale <- function(x,
offset <- function(x,

and apply them to rescale the values

stats_table <- stats_table ¥%>%
mutate(across(contains("slope_curv_max_dw_cel"), slope_scale)) %>%
mutate(across(starts_with("bio"), clim_scale)) %>%
mutate(across(matches("biol .* mean"), offset))

head(stats_table)

subcatchment_id | biol 1981.2010_mean | biol TPSL.CM6A.LR_ssp370_2041.2070_mean | biol2 1981.2010_mean | biol2_IPSL.CM6A.LR_ssp370_2041.2070_mean | biol5_1981.2010_mean
399592461 25.45 27.35 1105.004 1054.623 41.47380
399592865 25.45 27.35 1104.917 1054.572 41.41220
399593700 25.45 27.35 1101.970 1052.042 41.45811
399593701 25.45 27.35 1098.700 1049.000 41.50000
399593817 25.45 27.35 1100.902 1050.990 41.47654
399593818 25.45 27.35 1097.740 1048.120 41.50000

head(stats_table[is.na(stats_table$slope_curv_max_dw_cel_mean),])

subcatchment_id | biol 1981.2010_mean | biol IPSL.CM6A.LR_ssp370_2041.2070_mean | biol2_1981.2010_mean | biol2_IPSL.CM6A.LR_ ssp370_2041.2070__mean

biol5_1981.2010__mean

399596764 25.45 27.35 1110.4 1054.3 41.8
399597046 25.55 27.55 1362.3 1261.1 49.3
399604194 25.35 27.35 1117.2 1059.8 42.9
399607973 25.35 27.25 1130.5 1074.5 43.2
399611470 25.35 27.25 1149.3 1086.0 44.5
399614825 25.45 27.45 1305.2 1207.6 50.2

head(stats_table[is.na(stats_table$spi_mean),])

subcatchment_id | biol 1981.2010_mean | biol TPSL.CM6A.LR_ssp370_2041.2070_mean | biol2 1981.2010_mean | biol2_ IPSL.CM6A.LR_ssp370_2041.2070_mean | biol5 1981.2010_mean
399596764 25.45 27.35 1110.4 1054.3 41.8
399597046 25.55 27.55 1362.3 1261.1 49.3
399604194 25.35 27.35 1117.2 1059.8 42.9
399607973 25.35 27.25 1130.5 1074.5 43.2
399611470 25.35 27.25 1149.3 1086.0 44.5
399614825 25.45 27.45 1305.2 1207.6 50.2

If we check the IDs of the sub-catchments that have null values for both variables, we observe that they are

identical:

11
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stats_table[is.na(stats_table$spi_mean),]$subcatchment_id == stats_table[is.na(stats_table$slope_curv_m

## [1] TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE
## [16] TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE
## [31] TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE

This happens because the variables are not defined for a few single-pixel sub-catchments, which are outlets.
We will remove these sub-catchments, as the model will not be able to handle the no data values.

stats_table <- stats_table[!is.na(stats_table$slope_curv_max_dw_cel_mean),]

We split the dataset into two datasets, according to present and future Bioclim variables. The first will be
used in the training of the model and the second in the prediction of future suitable habitats

stats_table_present <- stats_table ¥>%
dplyr::select(!contains("IPSL")) %>%
rename ( biol_1981.2010_mean,
biol 1981.2010 sd,

biol12_1981.2010_mean,

biol12_1981.2010_sd,
biol5_1981.2010_mean,

biol5_1981.2010_sd)

stats_table_future <- stats_table %>%
dplyr::select(!contains("1981")) %>%
rename ( biol_IPSL.CM6A.LR_ssp370_2041.2070_mean,
biol_ IPSL.CM6A.LR_ssp370_2041.2070_sd,
biol12_IPSL.CM6A.LR_ssp370_2041.2070_mean,
biol12_IPSL.CM6A.LR_ssp370_2041.2070_sd,
biol5_IPSL.CM6A.LR_ssp370_2041.2070_mean,
biol5_IPSL.CM6A.LR_ssp370_2041.2070_sd)

# Clear up memory
# rm(stats_table) ; gc()

The classification model needs at least two classes, in this case presences and absences. We will sample 10,000
random sub-catchments that will be used as pseudoabsences in the model. The filtering that takes place
before the sampling assures that we will avoid sampling sub-catchments with known presences of the species

pseudoabs <- stats_table_present %>%
filter(!subcatchment_id %in’, spdata_ids$subcatchment_id) %>%
sample_n(10000)

head (pseudoabs)
subcatchment_id | biol mean | biol2 mean | biol5 mean | slope curv_max dw_cel mean spi__mean biol_sd | biol2_ sd
422545561 24.81667 1781.833 62.61667 -0.0368164 3.1666667 | 0.0745356 | 5.2174919
400185306 25.95000 1344.900 58.20000 -0.0028826 | 67.0000000 | 0.0000000 | 0.0000000
400010909 25.15000 1391.445 61.07273 -0.0086504 0.9545455 | 0.0000000 | 0.4008256
422499075 24.75000 1387.141 61.99310 -0.0054884 0.6551724 | 0.0000000 | 1.2772593
399680854 25.15000 1213.600 51.60000 -0.0036806 0.3181818 | 0.0000000 | 0.0000000
422525280 24.65000 1478.158 65.55263 -0.0072746 | 46.4210526 | 0.0000000 | 7.4396743

We join the species occurrences with the present environmental variables table

presence <- left_join(spdata_ids, stats_table_present, "subcatchment_id")

We then join the predictors of the presences and those of the pseudoabsences, to obtain the modelling data
table

12
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data_model <- data.table::rbindlist(list(presence, pseudoabs) , TRUE)

Define a binary column of presence-absence (0-1) and set it to factor

data_model$occurrence <- ifelse(!is.na(data_model$occurrence_ID), 1, 0)
data_model$occurrence <- as.factor(data_model$occurrence)

In this step, there are two alternatives: Either we split the data into train and test sets:

set.seed(17)

#obtain stratified training sample

train_idx <- sample(nrow(data_model), 2/3 * nrow(data_model))
data_train <- data_model[train_idx, ]

data_test <- data_model[-train_idx, 1]

...or we use the whole dataset as the training set, since RF performs intrinsic evaluation in every tree

data_train <- data_model

A simple SDM using Random Forest

We will use the ranger random forest (RF) algorithm (Wright & Ziegler, 2017) to build a species distribution
model. Random forest can handle huge quantities of data and is therefore scalable to larger datasets. As our
dataset is highly imbalanced towards the pseudo-absence data, we will apply the down-sampling method for
presence-only data in the modelling process (Valavi et al., 2021). Down-sampling works by balancing the
training data, which contain significantly more absence that presence points. Following this approach, the
classification-RF model will use the same number of pseudo-absences as presence points in each classification
tree, by sampling with replacement (bootstrapping) from the full pseudo-absence set (Valavi et al., 2021).

Let’s define the sample size of each classification tree as a proportion of the whole training set, based on the
number of presences.

# number of presence records:
pres_num <- as.numeric(table(data_train$occurrence)["1"])
sample_size <- c("0" = pres_num / nrow(data_train),

"1" = pres_num / nrow(data_train))
sample_size

## 0 1
## 0.004281589 0.004281589
Run and inspect the model.

model <- ranger(data_train$occurrence ~ .,
data_train[, 6:14],
1000,
6,
T,
sample_size,

'impurity',
T)

model

## Ranger result

13
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##

## Call:

## ranger(data_train$occurrence ~ ., data = data_train[, 6:14], num.trees = 1000, mtry = 6, repla
##

## Type: Probability estimation
## Number of trees: 1000

## Sample size: 10043

## Number of independent variables: 9

## Mtry: 6

## Target node size: 10

## Variable importance mode: impurity

## Splitrule: gini

## 00B prediction error (Brier s.): 0.09273563

The model can be evaluated based on the OOB prediction error. This metric lies on the fact that the data
points that are not used in training a tree can be used to test the tree. The errors on the OOB samples are
called the out-of-bag errors.

Model prediction

We will predict to the table of all the sub-catchments across Cuba, including the future Bioclim variables.

pred <- predict(model, stats_table_futurel[,!1])

We can now reclassify the sub-catchment raster based on the predicted probabilities of occurrence, to visualise
the potential suitable habitats of the species. For this purpose we will use the ‘reclass_raster’ function. The
function requires a table with the reclassification rules (i.e., subc_id = predicted occurrence), the values of
which need to be integers.

First, let’s join the probabilities of presence in each sub-catchment with the corresponding sub-catchment
IDs, to create a table with reclassification rules

prediction <- data.table( stats_table_future$subcatchment_id,
as.numeric(pred$predictions[,2]))

head(prediction)

## subcatchment_id pred_occur
##t 1: 399592461 0.02508095
#it 2: 399592865 0.02323095
## 3: 399593700 0.03909881
#it 4: 399593701 0.03078929
## 5: 399593817 0.02586667
##t 6: 399593818 0.08412738

and multiply the probability values by 100, to convert them to integers

prediction$pred_occur <- as.integer(round(prediction$pred_occur, 2) * 100)

We can now reclassify the sub-catchment raster

reclass_raster(
prediction,
"subcatchment_id",
"pred_occur",
pasteO(layer_dir, "/sub_catchment.tif"),
pasteO(wdir, "/prediction.tif"),
FALSE)

14
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Let’s plot the future habitat suitability map, and add the presence points

# Define colour palette

num_pal <- colorNumeric(
viridisLite: :inferno(256)
5 prediction$pred_occur
5 "transparent"

p <- leaflet() %>} addTiles() %>%
setMaxBounds (bbox[1], bbox[2], bbox[3], bbox[4]) %>%
leafem: :addGeotiff (

pasteO(wdir, "/prediction.tif"), 1,
colorOptions(
hcl.colors (256, "inferno"),
"transparent"
) # read external raster file without loading it to R
) W>h
leaflet::addCircles( spdata_vect, "turquoise", TRUE, # data = spdata
5, 1) %>% # add points
addLegend ( num_pal,
prediction$pred_occur,
palette(),
"Future habitat suitability map</br>for Hypolestes trinitatis",
"bottomleft", 1, labelFormat ( "%")) # add a legend
p
-

ot

Future habitat suitability map
for Hypolestes trinitatis

60

- B

Cayrrar Lensa | DpanSiraeivap, OD0L

If we zoom in to the habitat suitability map, we can observe the sub-catchments that could offer a suitable
habitat to the species in a more detailed view.

15
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Case study - Sao Francisco drainage basin

Processing of spatial data and calculating the number of dams and the distance along the
stream network to the clostest dam up- and downstream of fish occurence sites

2023-05-23

Introduction

The following example showcases the functionality of the hydrographr package along a workflow to analyse
the fragmentation of a stream network. We will evaluate the number of dams up- and downstream of each
fish occurrence site and calculate the distance along the stream network from each fish occurrence site to the
closest existing and future dam.

In our example we will focus on the catfish species Conorhynchos conirostris, which is a catfish species
endemic to the Sdo Francisco drainage basin in Brazil. The catfish is listed as ‘endangered’ by the IUCN red
list (IUCN 2022). Wetlands are the preferred habitats of the species. Conorhynchos conirostris is a migratory
species, which migrates for spawning. As a migratory species, it is mostly threatened by dams along the
stream network. Further, it is threatened by fishing during the spawning season in the upstream part of the
river.

We will start by defining the regular tiles of the Hydrography90m (Amatulli et al. 2022) in which the
occurrence points of the species are located. Afterwards we will download the Hydrography90m layers,
filter /crop and merge them. Then we will select our fish occurrence and dam point locations using the
polygon of the drainage basin and snap the point locations to the stream network. Afterwards, we will reduce
our drainage basin using the dam downstream of all fish occurrence sites, the Sobradinho dam, as our outlet
location to calculate the upstream catchment from this point location. In a next step, we will calculate
the distances along the stream network between each point location (fish and dams) and get the up- and
downstream stream segments from each point locations as a graph. Afterwards, we will query the tables and
evaluate the shortest distance to the next dam as well as the number of dams.

hl2v0s nlav0g
1 1
1
h12v0EY, download ties
hlzviQ —_—
h14v0g, )
h12v10
—l;I
read gecpackage
read_geopackage
merge_tiles .
- sub-catchment 10s:
166867658 basin 1D
_catchment IDs 166887379 :
166861461 3 ‘
sfist filter « " N
o . snap to network
l, e
fish Lokt distance
dar accumulation
ne*
Lattr'ﬂ
crop/filter @™ » *®
rop/filt et g P
& merge " '
sub-catchments | —_— ‘,"\" " —
stream network gel_distance get catchment graph = query ams
tables  WTeel
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Let’s get started!

# Load libraries
library(hydrographr)
library(terra)
library(sf)
library(rgbif)
library(data.table)
library(dplyr)
library(stringr)
library(purrr)
library(forcats)
library(leaflet)
library(ggplot2)

# Define working directory

wdir <- "my/working/directory/data_brazil"

# Set defined working directory

setwd (wdir)

# Create a directory to store all the data of the case study
dir.create("data")

Species data

We will start by downloading occurrence records of Conorhynchos conirostris from GBIF.org using the R
package rgbif.
# Download occurrence data with coordinates from GBIF

gbif_data <- occ_data(scientificName = "Conorhynchos conirostris",
hasCoordinate = TRUE)

# To cite the data use:
# gbif citation(gbif_data)

# Clean the data
spdata <- gbif_data$data %>%
select(decimalLongitude, decimallatitude, species, occurrenceStatus,
country, year) %>%
filter(!is.na(year)) %>%
distinct () %»>%
mutate(occurence id = 1:nrow(.)) %>%
rename("longitude" = "decimalLongitude",
"latitude" = "decimalLatitude") %>%
select(7, 1:6)

spdata
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occurence_id | longitude latitude | species occurrenceStatus | country | year
1| -44.88582 | -17.25355 | Conorhynchos conirostris | PRESENT Brazil 2021
2 | -43.59583 | -13.76361 | Conorhynchos conirostris | PRESENT Brazil 2020
3 | -40.49297 | -12.94839 | Conorhynchos conirostris | PRESENT Brazil 2020
4 | -45.78083 | -17.17831 | Conorhynchos conirostris | PRESENT Brazil 2018
5 | -45.90444 | -17.07472 | Conorhynchos conirostris | PRESENT Brazil 2014
6 | -46.89351 | -17.39792 | Conorhynchos conirostris | PRESENT Brazil 2012
7 | -45.24500 | -18.13600 | Conorhynchos conirostris | PRESENT Brazil 2009
8 | -45.24000 | -18.14000 | Conorhynchos conirostris | PRESENT Brazil 2009
9 | -43.13889 | -11.09222 | Conorhynchos conirostris | PRESENT Brazil 2001
10 | -44.95466 | -17.35678 | Conorhynchos conirostris | PRESENT Brazil 1998
11 | -43.96667 | -14.91667 | Conorhynchos conirostris | PRESENT Brazil 1998
12 | -44.95496 | -17.33615 | Conorhynchos conirostris | PRESENT Brazil 1942
13 | -44.35700 | -15.49277 | Conorhynchos conirostris | PRESENT Brazil 1932
14 | -44.35700 | -15.49277 | Conorhynchos conirostris | PRESENT Brazil 1907

Let’s visualise the species occurrences on a map.

# Define the extent
bbox <- c(min(spdata$longitude), min(spdata$latitude),
max (spdata$longitude), max(spdata$latitude))

# Define color palette for the different years of record
factpal <- colorFactor(hcl.colors(unique(spdata$year)), spdata$year)

# Create leaflet plot

spdata_plot <- leaflet(spdata) %>%
addProviderTiles('Esri.WorldShadedRelief') %>%
setMaxBounds (bbox [1], bbox[2], bbox[3], bbox[4]) %>%

addCircles( ~longitude, ~ latitude, ~factpal(as.factor(year))
D w>h
addLegend ( factpal, ~as.factor(year),

"Year of record")
spdata_plot

+ | Year of record
| 1307

1832

1942

1985
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Download files

In order to download layers of the Hydrography90m, we need to know the IDs of the 20°x20° tiles in which
the occurrence sites are located. We can obtain these IDs using the function get_tile_id. This function
downloads and uses the auxiliary raster file that contains all the regional units globally, and thus requires an
active internet connection.

# Get the tile IDs where the points are located
tile_id <- get_tile_id( spdata, "longitude", "latitude")

tile_id

## [1] "h12v08" "h12v10" "h14v08"

Currently the function returns all the tiles of the regional unit where the input points are located in. However,
some of the tiles may be far from the study area and hence are not always needed in further steps. Please
double check which tile IDs are relevant for your purpose using the Tile map found here.

In our case, the Sao Francisco river basin spreads across all three tiles, so we will keep all tiles.

Let’s define the Hydrography90m raster layers and GeoPackages that we would like to download. We will use
the basin raster and vector layer, which contains the drainage basin of the Sdo Francisco river basin. The
sub__catchment layer, which contains the sub-catchment for each single stream segment with a unique ID.
We will need these layers for cropping and filtering.

We will need the raster layer of the stream segment and the flow accumulation to snap our fish occurrence
and dam sites to the stream network.

Further, we will download the raster layer of the direction to calculate the upstream catchment from a defined
point location.

We will need the Geopackage order_vect_segment, containing the stream network, with the stream (sub-
catchment) IDs, the ID of the next stream and additional attributes. We will need the GeoPackage to
calculate the distance between point locations and to create a graph to find out which stream segments are
up- and downstream of the fish occurrence sites.

A list of all available Hydrography90m variables, as well as details and visualisations are available here.

# Define the raster layers

vars_tif <- c("basin", "sub_catchment", "segment", "accumulation", "direction")
# Define the wvector layers

vars_gpkg <- c("basin", "order_vect_segment")

# Download the .tif tiles of the defined raster layer
download_tiles( vars_tif, tile_id, "tif",
pasteO(wdir, "/data"))

# Download the .gpkg tiles of the defined vector layers
download_tiles( vars_gpkg, tile_id, "gpkg",
pasteO(wdir, "/data"))

Filtering, cropping and merging
After having downloaded all the layers, we need to filter and crop them to the extent of our study area.
For a faster processing, we recommend to filter (vector) or crop (raster) the files first and then merge them.

First, we will filter the GeoPackage tiles containing the drainage basins for the basin ID 481051 (S0 Francisco
drainage basin) and merge them to get the extent of the drainage basin of Sdo Francisco river. We will then
use the polygon of the drainage basin to crop all downloaded raster tiles and then merge them. Afterwards,
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we will extract the unique sub-catchment IDs from the raster layer to filter the stream network GeoPackage
tiles (order_ vect_segment) for stream segments with the same sub-catchment ID and merge them as well.

# Define a directory for the Sdo Francisco drainage basin
saofra_dir <- pasteO(wdir, "/data/basin_481051")
if(!dir.exists(saofra_dir)) dir.create(saofra_dir)

# Get the full paths of the basin GeoPackage tiles
basin_dir <- list.files(wdir, pattern = "basin_h[v0-8]+.gpkg$",
full.names = TRUE, recursive = TRUE)

# Filter basin ID from the GeoPackages of the basin tiles
# Save the filtered tiles

for(itile in basin_dir) {

filtered_tile <- read_geopackage(itile,

import_as = "sf",
subc_id = 481051,
name = "ID")

write_sf(filtered_tile, paste(saofra_dir,
pasteO(str_remove(basename(itile), ".gpkg"),
"_tmp-gpkg") s Sep:ll/ll))

# Merge filtered GeoPackage tiles
merge_tiles(tile dir = saofra_dir,
tile names = list.files(saofra_dir, full.names = FALSE,
pattern = "basin_.+_tmp.gpkg$"),
out dir = saofra_dir,
file_name = "basin_481051.gpkg",
name = "ID",

read = FALSE)

# Get the full paths of the raster tiles
raster_dir <- list.files(pasteO(wdir, "/data/r.watershed"), pattern = ".tif",
full.names = TRUE, recursive = TRUE)

# Crop raster tiles to the extent of the drainage basin
for(itile in raster_dir) {

crop_to_extent(raster layer = itile,
vector_layer = pasteO(saofra_dir, "/basin_481051.gpkg"),
out dir = saofra_dir,
file name = pasteO(str_remove(basename(itile), ".tif"),
"_tmp.tif"))

# Merge the cropped raster layers of the different variables
merge_tiles(tile dir = saofra_dir,
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tile names = list.files(saofra_dir, full.names = FALSE,
pattern = "basin_.+_tmp.tif$"),

out_dir = saofra_dir,

file_name = "basin_481051.tif")

merge_tiles(tile dir = saofra_dir,
tile names = list.files(saofra_dir, full.names = FALSE,
pattern = "segment_.+_tmp.tif$"),
out_dir = saofra_dir,
file_name = "segment_481051.tif")

merge_tiles(tile dir = saofra_dir,
tile_names = list.files(saofra_dir, full.names = FALSE,
pattern = "accumulation_.+_tmp.tif$"),
out_dir = saofra_dir,
file name = "accumulation_ 481051.tif")

merge_tiles(tile dir = saofra_dir,
tile names = list.files(saofra_dir, full.names = FALSE,
pattern = "direction_.+_tmp.tif$"),
out_dir = saofra_dir,
file_name = "direction_481051.tif")

# Merge the cropped sub-catchment raster layers
subc_layer <- merge_tiles(tile dir = saofra_dir,
tile names = list.files(saofra_dir,
full.names = FALSE,
pattern = "sub_.+_tmp.tif$"),
out_dir = saofra_dir,
file_name = "sub_catchment_481051.tif",
read = TRUE)
# Load the merged sub-catchment raster layer of the Sdo Francisco drainage basin
subc_layer <- rast(pasteO(saofra_dir, "/sub_catchment_481051.tif"))
# Get all sub-catchment IDs of the S@o Francisco drainage basin
subc_ids <- terra::unique(subc_layer)

# Get the full paths of the stream order segment GeoPackage tiles
order_dir <- list.files(wdir, pattern = "order_.+_h[v0-8]+.gpkg$",
full.names = TRUE, recursive = TRUE)

# Filter the sub-catchment IDs from the GeoPackage of the order_vector_segment
# tiles (sub-catchment ID = stream ID)

# Save the stream segments of the S@o Franctisco drainage basin

for(itile in order_dir) {

filtered_tile <- read_geopackage(itile,

import_as = "sf",
subc_id = subc_ids$sub_catchment 481051,
name = "stream")
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write_sf(filtered_tile, paste(saofra_dir,
pasteO(str_remove(basename(itile), ".gpkg"),
"_tmp~gpkg") s sep="/"))

# Merge filtered GeoPackage tiles
# This process takes a few minutes
merge_tiles(tile dir = saofra_dir,
tile _names = list.files(saofra_dir, full.names = FALSE,
pattern = "order_.+_tmp.gpkg$"),
out dir = saofra_dir,
file_name = "order_vect_segment_481051.gpkg",
name = "stream",
read = FALSE)

# Delete temporary files of the filtered and cropped tiles
tmp_files <- 1list.files(saofra_dir, pattern = "_tmp.",

full.names = TRUE, recursive = TRUE)
file.remove(tmp_files)

Filtering of the species occurrences and dams

The information of the existing and future dams is provided by the GRanD (Lehner et al. 2011) and the
FHReD (Zarfl et al. 2015) database, respectively. Both datasets can be downloaded from globaldamwatch.org.

To select those point locations of the fish occurrences and dams, which are located within the the Sao
Francisco drainage we will use the polygon of the drainage basin. For this step we will use the functions of
the R package sf.

# Load the GRanD data shape file
grand_pts <- st_read(pasteO(wdir,
"/data/GRanD_Version_1_3/GRanD_dams_v1_3.shp"))

# Load the FHReD dataset

fhred_corr <- fread(pasteO(wdir,
"/data/FHReD_2015/FHReD_2015_future_dams_Zarfl_et_al_beta_version.csv"))

# Load the polygon of the drainage basin

basin_poly <- read_sf(pasteO(saofra_dir,"/basin_481051.gpkg"))

# Create simply features from the data tables
spdata_pts <- st_as_sf(spdata,
coords = c("longitude","latitude"),
FALSE, crs="WGS84")
fhred_pts <- st_as_sf(fhred_corr,
coords = c("Lon_Cleaned","LAT_cleaned"),
crs="WGS84")

remove

# Only keep species occurrences and dams within the drainage basin
spdata_pts_481051 <- st_filter(spdata_pts, basin_poly)
grand_pts_481051 <- st_filter(grand_pts, basin_poly)
fhred_pts_481051 <- st_filter(fhred_pts, basin_poly)
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# Transfer the simply featurs back to a data table and harmonise the column names
# Ezisting dams (ED)
existing_dams <- grand_pts_481051 >

mutate(longitude = st_coordinates(.)[,1],

latitude = st_coordinates(.)[,2]) %>%

st_drop_geometry() %>%

mutate(type = "ED") %>%

rename(site id = GRAND_ID) %>%

select(site_id, type, longitude, latitude)

# Future dams (Under construction UD, planned PD)
future_dams <- fhred_pts_481051 %>%
mutate (Long e = sf::st_coordinates(.)[,1],
latitude = sf::st_coordinates(.)[,2]1) %»>%
sf::st_drop_geometry() %>%
mutate(type = paste0(.$Stage, "D")) %>%
rename (site id = DAM_ID) %>%
select(site_id, type, longitude, latitude)

# Fish occurrence (FS)

species_occurrence <- spdata_pts_481051 %>%
sf::st_drop_geometry() %>
mutate(type = "FS") %>%
rename(site id = occurence_id) %>%
select(site_id, type, longitude, latitude)

# Bind the data.frames of the dam and the fish occurrence locations
# Remove locations of the same type with duplicated coordinates
point_locations <- existing_dams %>

bind_rows (future_dams) %>%

bind_rows(species_occurrence) %>%

distinct(type, longitude, latitude, eep_a = TRUE)

Snap species occurrences and dams to a stream segment within a certain distance and with a
certain flow accumulation

Before we can calculate the upstream catchment for a defined point location or the distance along the stream
network between species occurrences and dams, we need to snap the coordinates of the sites to the stream
network. (Recorded coordinates of point locations usually do not exactly overlap with the digital stream
network and therefore, need to be corrected slightly.)

The hydrographr package offers two different snapping functions the snap_to_network and the
snap_to_subc_segment. The first function uses a defined distance radius and a flow accumulation threshold,
while the second function snaps the point to the stream segment of the sub-catchment the point was originally
located in.

For this case study we will use the function snap_to_network to be able to define a certain flow accumulation
threshold and to ensure that the fish occurrences and dams will not be snapped to a headwater stream (first
order stream) if there is also a higher order stream next to it.

The function is implemented in a for-loop to start searching for streams with a very high flow accumulation
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of 400,000 km? in a very short distance and then slowly decreases the flow accumulation to 100 km?2. If there
are still sites left which were not snapped to a stream segment yet. The distance will increase from 10 up to
30 cells.

In addition to the new coordinates the function will also report the unique sub-catchment IDs.

# Define full path to the stream network raster layer
stream_rast <- pasteO(saofra_dir, "/segment 481051.tif")

# Define full path to the flow accumulation raster layer
flow_rast <- pasteO(saofra_dir, "/accumulation 481051.tif")

# Define thresholds for the flow accumulation of the stream segment, where

# the point location should be snapped to

accu_threshold <- ¢(400000, 300000, 100000, 50000, 10000, 5000, 1000, 500, 100)
# Define the distance radius

dist_radius <- c(10, 20, 30)

# Create a temporary data.table
point_locations_tmp <- point_locations

# Note: The for loop takes about 9 minutes
first <- TRUE
for (idist in dist_radius) {

# If the distance increases to 20 cells only a flow accumulation of 100 km?
# will be used
if (idist == 20) {

# Set accu_threshold to 100

accu_threshold <- c(100)
X

for (iaccu in accu_threshold) {
# Snap point locations to the stream network
point_locations_snapped_tmp <- snap_to_network(data = point_locations_tmp,

lon = "longitude",
lat = "latitude",
id = "site_id",

stream_layer = stream_rast,
accu_layer = flow_rast,
method = "accumulation",
distance = idist,
accumulation = iaccu,

quiet = FALSE)

# Keep point location with NAs for the next loop
point_locations_tmp <- point_locations_snapped_tmp %>%
filter(is.na(subc_id_snap_accu))

if (first == TRUE) {
# Keep the point locations with the new coordinates and remove rows with NA
point_locations_snapped <- point_locations_snapped_tmp %>%
filter(!is.na(subc_id_snap_accu))
first <- FALSE
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} else {
# Bind the new data.frame to the data.frame of the loop before
# and remove the NA
point_locations_snapped <- point_locations_snapped %>%
bind_rows(point_locations_snapped_tmp) %>%
filter(!is.na(subc_id_snap_accu))

}

In some cases the GRASS GIS function r.stream.snap does not snap some of the point locations to the stream
network, no matter how much you increase the distance radius. If this happens the coordinates need to be
changed slightly within the same cell until the point gets snapped. It might happen that this needs to be
done multiple times.

# Run the snapping function until all points are snapped
# Note: The while condition runs a few times and
# takes about 5 minutes
while(nrow(point_locations_tmp) > 0) {
# Create random number smaller than the size if a cell
rn <- runif(n=1, min=-0.000833333, max=+0.000833333)
# Add random number to the longitude and latitude
point_locations_tmp <- point_locations_tmp %>%
mutate(longitude = longitude + rn,
latitude = latitude + rn)

point_locations_snapped_tmp <- snap_to_network(data = point_locations_tmp,

lon = "longitude",
lat = "latitude",
id = "site_id",

stream_layer = stream_rast,
accu_layer = flow_rast,
method = "accumulation",
distance = idist,
accumulation = iaccu,

quiet = FALSE)

# Keep point location with NAs for the next loop
point_locations_tmp <- point_locations_snapped_tmp %>%
filter(is.na(subc_id_snap_accu))

# Bind the new data.frame to the data.frame of the loop before

# and remove the NA

point_locations_snapped <- point_locations_snapped %>%
bind_rows(point_locations_snapped_tmp) %>%
filter(!is.na(subc_id_snap_accu))

point_locations_snapped

10
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site_id | longitude latitude | lon_snap_accu | lat_snap_accu | subc_id_snap_accu
1| -44.88582 | -17.25355 -44.88542 -17.25375 168036446
5 | -45.90444 | -17.07472 -45.90458 -17.07458 167997751
7 | -45.24500 | -18.13600 -45.24542 -18.13625 168219537
9 | -43.13889 | -11.09222 -43.13292 -11.09125 166443527
473 | -45.36667 | -22.37292 -45.36708 -22.37292 168880587
484 | -44.84444 | -22.23542 -44.84458 -22.23542 168869594
# Load the polygon of the drainage basin
basin_poly <- read_sf(pasteO(saofra_dir,"/basin_481051.gpkg"))
# Define the extent
bbox <- c(min(spdata$longitude), min(spdata$latitude),
max (spdata$longitude), max(spdata$latitude))
point_locations_snapped <- point_locations[ ,1:2] %>%
left_join(., point_locations_snapped,
c("site_id")) %>%
mutate ( factor(type, c("FS", "ED", "UD", "PD")))
# Define color palette for the different site types
pal <- colorFactor(
c('blue', 'red', 'orange', 'yellow'),
point_locations_snapped$type
)
labels <- c("Fish occurrence", "Existing dam",
"Dam under construction ", "Planned dam")
# Create leaflet plot
locations_plot <- leaflet() %>%
addProviderTiles('Esri.WorldShadedRelief') %>%
setMaxBounds (bbox[1], bbox[2], bbox[3], bbox[4]) %>%
addPolygons ( basin_poly , "#444444"
iy ©.8,
1.0, 0.5 ) %%
#addPolylines (data = stream_vect) }>)
addCircles( point_locations_snapped, ~lon_snap_accu,
~lat_snap_accu, 0.2, ~pal(type),
D %%
addLegend ( point_locations_snapped, pal, ~type,

function(type, cuts, p) {pasteO(labels)},

"Site type")

locations_plot

11
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Site type
Fish occumrence
Existing dam
. Dam under construciion
Planned dam

=5t | Thes @ Esri — Sourcs: Exr

Snap point locations to the stream segment within the sub-catchment with the same unique
D

We will not use the snap_to_subc_segment in this example and the code below is just to show the second
option to snap point locations to the stream network. Points snapped with this function will always be
located in the middle of the stream segment. For the calculation the function needs the unique basin and sub-
catchment IDs. This can be done before by using the function extract_ids or if the arguments subc_ id and
basin_ id are set to NULL the snap_to_subc_segment function will extract the IDs as well.

# # Define full path to the GeoPackage of the stream segments

# stream_vect <- pasteO(saofra_dir, "/order_vect_segment_481051.gpkg")

#

#

# # Note: The snapping of 138 points will takes about an hour

# # Snap point locations to the stream segment within the sub-catchment the fish
# # occurrence or dam site is located

# point_data_snapped <- snap_to_subc_segment (data = point_locations,

# lon = "longitude”,

# lat = "latitude"",

# id = "site_id",

# basin_id = NULL,

# subc_id = NULL,

# basin_layer = basin_rast,
# subc_layer = subc_rast,

# stream_layer = stream vect,
# n_cores = 3)

Get upstream catchment

On the website of the IUCN red list we can see that the habitat range of Conorhynchos conirostris is

restricted to the area upstream of the Sobradinho dam (site ID 2516) and all our fish occurrences are located
upstream of the dam as well. Therefore, we are only interested in dams upstream of the Sobradinho dam.
To get the upstream catchment from the point location of the Sobradinho dam we will use the function
get_upstream_catchment. Afterwards we will use the terra package to polygonise the raster file of the
upstream catchment and use the polygon of the upstream catchment to select our point locations using the

12
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functions provided by the sf package.

# Define full path for the direction raster layer
direction_rast <- pasteO(saofra_dir, "/direction_481051.tif")
# Define full path for the output

upcatch_dir <- pasteO(saofra_dir, "/upstream_catchment')

# Create output folder if it doesn't exist

if (!dir.exists(upcatch_dir)) dir.create(upcatch_dir)

# Get the upstream catchment of ED 2516

# Increasing the number of cores only makes sense if the calculation

# is done for multiple points

get_upstream_catchment (as.data.table(point_locations_snapped) [site_id == 2516,],

lon = "lon_snap_accu",
lat = "lat_snap_accu",
id = "site_id",

direction_layer = direction_rast,
out_dir = upcatch_dir,
n_cores = 1)

# Load raster file of the upstream catchment

upstream_basin_rast <- rast(pasteO(upcatch_dir , "/upstream_basin_ 2516.tif"))

# Polygonise the raster

upstream_basin_vect <- as.polygons(upstream_basin_rast)

# Save the wector file of the upstream catchment

writeVector(upstream_basin_vect, pasteO(upcatch_dir ,

"/upstream_basin_2516.gpkg"),

filetype = "gpkg", overwrite=TRUE )

upstream_subc_rast <- crop_to_extent(raster layer =
pasteO(saofra_dir,
"/sub_catchment_481051.tif"),
vector_layer =
pasteO(upcatch_dir ,
"/upstream_basin_2516.gpkg"),
out _dir = upcatch_dir,
file_name = "sub_catchment_2516.tif",
read = TRUE)

# Get all sub-catchment IDs of the upstream basin
subc_ids <- terra::unique(upstream_subc_rast)

# Filter the sub-catchment IDs from the GeoPackages of the order_vector_segment
# basin file (sub-catchment ID = stream ID)
upstream_segment_vect <- read_geopackage(gpkg =
pasteO(saofra_dir,
"/order_vect_segment_481051.gpkg"),

import_as = "sf",
subc_id = subc_ids$sub_catchment_2516,
name = "stream")

# Save the stream segments of the upstream drainage basin
write_sf (upstream_segment_vect, pasteO(upcatch_dir,

13
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"/order_vect_segment_2516.gpkg"))

# Convert the data.frame into a simply feature
point_locations_snapped_pts <- st_as_sf(point_locations_snapped,
coords = c("lon_snap_accu",
"lat_snap_accu"),
remove = FALSE, crs="WGS84")

# Save point locations as a GeoPackage
# write_sf(point_locations_snapped_pts,
# pasteO(upcatch_dir, "/point_locations_snapped_2516.gpkg"))

# Use the polygon to filter the upstream point locations
upstream_point_locations <- st_filter(point_locations_snapped_pts,
st_as_sf (upstream_basin_vect)) %>%
sf::st_drop_geometry ()

# Save upstream point locations
furite(upstream_point_locations, pasteO(upcatch_dir,
"/upstream_point_locations_2516.csv"))

# Load the GeoPackage of the upstream basin (if not already loaded)
# upstream_basin_vect <- vect(pasteO(upcatch_dir , "/upstream_basin_2516.gpkg"))

# Create leaflet plot
upcatch_plot <- leaflet() %>%
addProviderTiles('Esri.WorldShadedRelief') %>%
setMaxBounds (bbox[1], bbox[2], bbox[3], bbox[4]) %>%
addPolygons(data = st_as_sf(upstream_basin_vect),
color = "#444444", weight = 1,
smoothFactor = 0.5, opacity = 1.0,
fillOpacity = 0.5 ) %>%
#addPolylines(data = stream_vect) J>)
addCircles(data = upstream_point_locations,
Ing = ~lon_snap_accu, lat = ~lat_snap_accu,
radius = 0.2, color = ~pal(type),
opacity = 1) %>%
addLegend(data = upstream_point_locations,
pal = pal, values = ~type,
labFormat = function(type, cuts, p) {pasteO(labels)},
title = "Site type")

upcatch_plot

14
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: Site type

. Fish occurrence

Existing dam
. Dam under construction
Planned dam
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Get distance along the stream network

To determine the distance to the closest dam up- and downstream of each fish occurrence we will first calculate
the distance between all point locations (fish occurrences and dams) using the function get_distance.

# Define the full path to the upstream basin raster layer and the GeoPackage
# of the upstream stream segments

upstream_basin_rast <- pasteO(upcatch_dir, "/upstream_basin_2516.tif")
upstream_segment_vect <- pasteO(upcatch_dir, "/order_ vect_segment_ 2516.gpkg")

# Get the distances along the stream network between each pair of

# point locations

# The process takes about 1 hour

# Increasing the number of cores only makes sense if the calculation
# is done for point locations in multiple drainage basins
upstream_point_locations <- upstream_point_locations %>%

mutate(basin id = 2516)

network_distance <- get_distance(data = upstream_point_locations,

lon = "lon_snap_accu",
lat = "lat_snap_accu",
id = "site_id",

basin_id = "basin_id",

basin_layer = upstream_basin_rast,
stream_layer = upstream_segment_vect,
distance = "network",

n_cores = 1)

15
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from_site id | to_site id dist
2373 2375 822666
2373 2396 | 1564589
2373 2516 | 1768802
2373 2521 | 1752916
2373 2530 | 1201006
2373 2531 | 1067073

Get catchment graph

To evaluate which and how many dames are located up- and downstream of the fish occurrences, we need
to load the GeoPackage of the stream segments ( order_vect_segment) as a graph. Further, we will need
the sub-catchment IDs of the fish occurrences to use the function get_catchment_graph. The function will
return for each fish occurrence all sub-catchment IDs which are located up- or downstream.

# Define full path to the GeoPackage of the stream segments
# upstream_segment_vect <- pasteO(upcatch_dir, "/order_vect_segment_2516.gpkg")

# Load the GeoPackage as graph
stream_network_graph <- read_geopackage ( upstream_segment_vect,
n graphll )

# Get sub-catchment IDs of the fish occurrences
fs_subc_ids <- upstream_point_locations %>’
rename ( subc_id_snap_accu) %>%
filter(site_id %in% c(1:2, 4:14)) %>%
.$subcatchment_id %>%
unique() %>%
as.character()

# Get all stream segment IDs (=sub-catchments IDs) upstream of each

# fish occurrence

# Note: There will be no output for fish occurrences which are located

# in headwaters (Strahler order 1)

upstream_segments <- get_catchment_graph( stream_network_graph,
fs_subc_ids, "in")

# Get all stream segment IDs downstream for each

# fish occurrence

# Note: There will be no output for fish occurrences which are located

# in the last segments before the outlet

downstream_segments <- get_catchment_graph ( stream_network_graph,
fs_subc_ids, "out")

Here the head of an example data.frame of one fish occurrence site (sub-catchment ID 168036446).

stream | next_stream | prev_strOl | prev_str02 | prev_str03 | prev_str04 | strahler | horton
168312446 168313029 0 0 0 0 1 1
168312604 168313165 0 0 0 0 1 1
168310758 168310607 0 0 0 0 1 1
168310759 168310307 0 0 0 0 1 1
168310447 168310448 | 168309541 | 168310757 0 0 2 4
168310308 168310008 0 0 0 0 1 1
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Determine the number of dams and the distance along the network to the closest dam

After we determined the distance between the point locations and the sub-catchment IDs up- and downstream
of each fish occurrence, we can estimate the number of dams and evaluate the distance to the closest dam.

# Get all sub-catchment IDs of fish occurrences with stream segments upstream
fs_subc_ids_up <- names(upstream_segments)

# Get unique site IDs of the fish occurrences
fs_site_id <- upstream_point_locations %>%
filter(subc_id_snap_accu %in% fs_subc_ids_up) %>%
arrange (match(subc_id_snap_accu, fs_subc_ids_up)) %>%
select(site_id) %>%
rename ( site_id)

# Get the sub-catchment IDs where the existing dams are located
ed_site_id <- upstream_point_locations %>%

filter(type == "ED") %>%
rename ( subc_id_snap_accu) %>%
mutate ( as.character(stream))

# Get the number of existing dams upstream and the distance to the closest
# dam upstream
ed_upstream <- upstream_segments %>%

map(., ~ inner_join(ed_site_id, .x, "stream")) %>%

map2(., fs_site_id$from_site_id, ~ mutate(.x, )Y W>h
list_rbind(.) %>%

rename (., site_id) %>%

select(., from_site_id, to_site_id) %>%

inner_join(network_distance, ., c("from_site_id", "to_site_id")) %>%
group_by(from_site_id) %>%

mutate (., nQ) %%

filter(., dist == min(dist)) %>%

left_join(fs_site_id, ., "from_site_id") %>%

mutate ( "ED",

"upstream")

# Get the sub-catchment IDs where the future dams will be located
fd_site_id <- upstream_point_locations %>%
filter(site_id > 100 & site_id < 2000) %>%

rename ( subc_id_snap_accu) %>%
mutate ( as.character(stream)) %>%
inner_join(.,point_locations, c("site_id", "longitude", "latitude"))

# Get the number of future dams upstream and the distance to the closest
# dam upstream
fd_upstream <- upstream_segments %>%

map(., ~ inner_join(fd_site_id, .x, "stream")) %>%

map2(., fs_site_id$from_site_id, ~ mutate(.x, ) W>h
list_rbind(.) %>%

rename (., site_id) %>%

select(., from_site_id, to_site_id) %>%

inner_join(network_distance, ., c("from_site_id", "to_site_id")) %>%
group_by(from_site_id) %>%

mutate(., n0) W%

17
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filter(., dist == min(dist)) %>%
left_join(fs_site_id, ., "from_site_id") %>%
mutate( "FD",

"upstream")

# Get all sub-catchment IDs of fish occurrence sites with stream
# segments downstream
fs_subc_ids_down <- names(downstream_segments)

# Get unique site IDs of the fish occurrences

fs_site_id <- upstream_point_locations %>%
filter(subc_id_snap_accu %in} fs_subc_ids_down) %>%
arrange (match(subc_id_snap_accu, fs_subc_ids_down)) %>%
select(site_id) %>%
rename ( site_id) %>%
filter(from_site_id !'= 14)

# Get the number of existing dams downstream and the distance to the closest
# dam downstream
ed_downstream <- downstream_segments %>%

map(., ~ inner_join(ed_site_id, .x, "stream")) %>%

map2(., fs_site_id$from_site_id, ~ mutate(.x, Y)) W%
list_rbind(.) %>%

rename (., site_id) %>%

select(., from_site_id, to_site_id) %>%

inner_join(network_distance, ., c("from_site_id", "to_site_id")) %W>%
group_by(from_site_id) %>%

mutate (., nQ) %%

filter(., dist == min(dist)) %»>%

left_join(fs_site_id, ., "from_site_id") %>%

mutate ( "ED",

"downstream")

# Get the number of future dams downstream and the distance to the closest
# dam downstream
fd_downstream <- downstream_segments %>%

map(., ~ inner_join(fd_site_id, .x, "stream")) %>%

map2(., fs_site_id$from_site_id, ~ mutate(.x, ¥ B>
list_rbind(.) %>%

rename(., site_id) %»>%

select(., from_site_id, to_site_id) %>%

inner_join(network_distance, ., c("from_site_id", "to_site_id")) %>%
group_by(from_site_id) %>%

mutate (., nQ) %%

filter(., dist == min(dist)) %>%

left_join(fs_site_id, ., "from_site_id") %>%

mutate ( R

"downstream")
# Bind tables

dam_num_dist <- ed_upstream %>%
bind_rows(fd_upstream) %>’
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# Prepare data.frame for the plot

plot_data <- dam_num_dist %>%
mutate(dist = dist/1000) %>%

mutate(direction = factor(direction, levels = c("upstream", "downstream")))

# Define colors

cols <- c(ED = "red3", FD = "orange")

# Create plot to show the number of dams
ggplot(plot_data, aes(x = as.factor(from_site_id), y = n_dams,
fill = fct_rev(type))) +

geom_bar(stat="identity", position= "stack", width = 0.5) +
facet_grid(~ direction, scales = "free") +
theme_bw() +
scale_fill_manual (name = "Dams",
breaks = c("ED", "FD"),
labels = c("Existing", "Future"),
values = cols) +
labs(x = "Fish occurrence site ID", y = "Number of dams")
upstream downstream
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With the exception of the fish occurrence sites 4 and 6 the number of upstream dams will dramatically
increase. Especially for site 9, which has already 14 dams located upstream, the number might increase to 94
dams in the future. Downstream of all fish occurrence sites there is currently only one existing dam. It is the
dam with the ID 2516 at the outlet of our delineated upstream catchment. This leads to the assumption that
all fish occurrence sites are currently connected. In the future the number of dams will increase for the fish
occurrence sites 7 and 8 from one to two dames. The future dam might lead to a disconnection of these two

sites from the others.

19
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# Create plot to show the distance to the closest dam
ggplot(plot_data, aes(x = as.factor(from_site_id), y = dist, fill = type)) +
geom_bar(stat="identity", position= "dodge", width = 0.5) +

facet_grid(~ direction, scales = "free") +
theme_bw() +
scale_fill_manual (name = "Dams",

breaks = c("ED", "FD"),
labels = c("Existing", "Future"),
values = cols) +

labs(x = "Fish occurrence site ID", y = "Distance along the stream network (km)")
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The distance to the next existing dam upstream ranges from 12.6km for the fish occurrence site 8 to 528.9km
for the fish occurrence site 9. For most sites the the distance to the next dam upstream will decrease in the
future. Only for the fish occurrence sites 7 and 8 the next future dam upstream will farther away than the
existing dam. The distance to the existing dam downstream ranges between 415.2km and 1672.0km. In the
future the distance for the next dam downstream will decrease from about 1475km to about 114km for the
fish occurrence sites 7 and 8.
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Usage of hydrographr with other stream networks

Examples showing how to use the hydrographr package with the NHDPlusHR dataset

Load required libraries:

library(hydrographr)
library(nhdplusTools)
library(rgbif)
library(dplyr)
library(archive)
library(terra)
library(leaflet)
library(data.table)
library(igraph)

Define working directory:

2023-09-05

wdir <- pasteO(here(), "/vignettes/data_other_networks")
if (!dir.exists(pasteO(wdir, "/data"))) dir.create(pasteO(wdir, "/data"))

Download NHDPIlusHR data

# Define the working directory for the region Hawai?i
wdir <- "my/working/directory/data_hawaii"
data_dir <- pasteO(wdir, "/data')

rast_dir <- pasteO(data_dir, "/raster")
vect_dir <- pasteO(data_dir, "/vector")
sp_dir <- pasteO(data_dir, "/species")

out_

dir <- pasteO(wdir, "/output")

# Create a new folder in the working directories to store all the data
create(data_dir)
create(rast_dir)
create(vect_dir)

dir.
dir.
dir.
dir.

dir

create(sp_dir)

.create(out_dir)

Data of the NHDPlusHR dataset can be downloaded using the R package nhdplusTools or from this USGS
website: https://apps.nationalmap.gov/downloader/

# Download NHDPlus raster data for Hawaii

download_nhdplusv2(outdir = rast_dir,

url = pasteO(

"https://prd-tnm.s3.amazonaws.com/StagedProducts/",
"Hydrography/NHDPlusHR/Beta/GDB/",
"NHDPLUS_H_2006_HU4 RASTER.7z"),

progress = TRUE)
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# Unzip —-- can also be done manually

# When called with default arguments extracts all files in the archive.

archive_extract(archive = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER.7z"),
dir = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER")

)

# Download NHDPlus wvector data for Hawaii
download_nhdplusv2(outdir = vect_dir,
url = paste0(
"https://prd-tnm.s3.amazonaws . com/StagedProducts/",
"Hydrography/NHDPlusHR/Beta/GDB/",
"NHDPLUS_H_2006_HU4_GDB.zip"),
progress = TRUE)

# Unzip -- can also be done manually

archive_extract(archive = pasteO(vect_dir, "/NHDPLUS_H_2006_HU4_GDB.zip"),
dir = pasteO(vect_dir, "/NHDPLUS_H_2006_HU4_GDB")

)

Check directory structure

list.files(pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER"), recursive = T,
pattern = ".tif$")

Species data

Download occurrence records of Stenogobius hawaiiensis from GBIF.org using the R package rgbif.

# Download occurrence data with coordinates from GBIF
gbif_data <- occ_data(scientificName = "Stenogobius hawaiiensis",
hasCoordinate = TRUE)

# To cite the data use:
# gbif_citation(gbif_data)

# Clean the data
spdata <- gbif_data$data %>%
select(decimalLongitude, decimallLatitude, species, occurrenceStatus,
country, stateProvince, year) 7>’
filter(!is.na(year),
stateProvince == "Hawaii") %>%
distinct () %>%
mutate(occurrence_id = 1:nrow(.)) %>%
rename("longitude" = "decimalLongitude",
"latitude" = "decimalLatitude") %>%
select(8, 1:7)

# Save the data
write.csv(spdata, pasteO(sp_dir, ”/stenogobius_hawaiiensis.csv”), row.names = F,

quote = F)

spdata



155

S4. Supplementary information for Chapter 3: The hydrographr R package

Visualise species data

m <- leaflet() %>%
addProviderTiles('Esri.WorldShadedRelief') %>%
addCircles(data = spdata, color = "purple")

By inspecting the NHDPlusHR data, we observe that the coordinate reference system is not WGS84, but the
EPSG:26904.

rast(pasteO(rast_dir,
"/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/cat.tif"))

Therefore we will need to convert the species points’ coordinates to EPSG:26904, so that they match with
the spatial layers.

# Convert the coordinate columns to a matriz
spdata_coord <- spdata %>%
select(longitude, latitude) %>7
as.matrix()

# Project to the coordinate reference system of the NHDPlus dataset
spdata_coord <- project(spdata_coord,

from = "+proj=longlat +datum=WGS84",

to = "EPSG:26904")

# Replace the WGS84 coordinates with the EPSG:26904 coordinates in the species



156

S4. Supplementary information for Chapter 3: The hydrographr R package

# points' data frame

spdata <- spdata %>%
mutate(longitude = spdata_coordl[,1],
latitude = spdata_coord[,2])

Crop and merge raster data

# The coordinates of the bounding box should also be in the NAD_1983 UTM_Zone_4N projection system
bbox <- c(582638, 2361564, 594373, 2370255)
crop_to_extent(raster_layer = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/cat.tif
bounding_box = bbox,
out_dir = out_dir,
file_name = "cat_crop.tif",
compression = "high"

)

# We can crop to another bounding box, and then try to merge the two cropped
# layers
bbox2 <- c(595603, 2371564, 604373, 2380255)
crop_to_extent (raster_layer = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/cat.tif
bounding_box = bbox2,
out_dir = out_dir,
file_name = "cat_crop2.tif",
compression = "high"
)
# Merge the two cropped layers
merge_tiles(tile_dir = out_dir,
tile_names = c("cat_crop.tif", "cat_crop2.tif"),
out_dir = out_dir,
file_name = "cat_merged.tif",
compression = "high")

Extract IDs, Report no data value, Set no data value

spdata_ids <- extract_ids(data = spdata,
lon = "longitude", lat = "latitude",
id = "occurrence_id",
basin_layer = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/cat.tif"))

spdata_ids
# We observe that some points obtain basin_id=NA, because they fall out of the
# extent of the downloaded raster layer. We will filter these points out,

# keeping only those which overlap with the raster.

spdata_ids <- spdata_ids %>%
filter('is.na(basin_id))

spdata_ids
# On the other hand, some other points obtain basin_id=-32768. This should be

# the no data value of the raster layer, meaning a value attiridbuted to the sea
# cells. We can double-check this using the report_no_data function:
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no_data_val <- report_no_data(data_dir = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2

no_data_val
# We can filter out these points, too, so that we only keep the points sampled
# in rivers.
spdata_ids <- spdata_ids %>%
filter(basin_id '= no_data_val$NoData)
spdata_ids

# Don't run:

# If we wanted to change the no data value of a layer, we could do it using the

# function:

set_no_data(data_dir = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006"),
var_layer = "cat.tif",
no_data = -32768)

# Remember to set it back to the original value!

Extract zonal statistics

To extract zonal statistics of a raster layer using the NHDPlus basins as zones, we first need to download and
crop to our extent an example raster layer. We will use the CHELSA Bioclim 12 (BIO12) layer of 1981-2010
for this example.

For this operation, we also need to convert the projection system of the cat.tif raster to EPSG:4326 using the
‘terra’ package, so that it is compatible with the coordinate system of CHELSA Bioclim files.

# Dounload biol2 im the rast_dir

download.file(
"https://os.zhdk.cloud.switch.ch/envicloud/chelsa/chelsa_V2/GLOBAL/climatologies/1981-2010/bio/CHELSA

destfile = pasteO(rast_dir, "/biol2_1981-2010.tif"), mode = "wb")

# Crop biol2 to bounding box
# We first need to convert the bounding box coordinates to WGS84, that is the
# coordinate system of the CHELSA Bioclim layers.
bbox_wgs84 <- project(ext(bbox), from = "EPSG:26904", to = "EPSG:4326")
# Now crop
crop_to_extent(raster_layer = pasteO(rast_dir, "/biol2_1981-2010.tif"),
bounding_box = bbox_wgs84,
out_dir = out_dir,
file_name = "biol2_crop.tif",
compression = "high"

)

# Load the cat.tif layer
cat_rast <- rast(pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/cat.tif"))

# Reproject to WGS84 and write out the file with a new name
cat_rast <- project(cat_rast,
y = "epsg:4326",
filename = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/cat_wgs8

# Extract the zonal statistics of biol2 based on the NHDPlus basins
zonal_stats <- extract_zonal_stat(data_dir = out_dir,
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subc_id = "all",

subc_layer = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_ RASTER/HRNHDPlusRasters2006/cat_wgs
var_layer = "biol2_crop.tif",

quiet = F)

# Same as before, we need to filter out the no data values to get a better
# grasp of the resulting table
zonal_stats <- zonal_stats %>
filter(biol2_crop_data_cells !=0 )
zonal _stats

Reclassify raster

# Create example dataframe with reclassification rules to reclassify the value
# of all basins containing species data to 1, and all the rest to -99999.
reclass_rules <- data.frame(cat = as.integer(spdata_ids$basin_id),

new_val = as.integer(1))

# Apply reclassification
reclass_raster(
data = reclass_rules,
rast_val = "cat",
new_val = "new_val',
raster_layer = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/cat.tif"),
recl_layer = pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/cat_reclass.tif"),
read = FALSE,
no_data = no_data_val$NoData)

Read a .GPKG

See [Download NHDPlus data] to download NHDPlus vector data for Hawaii.
gdb_dir <- pasteO(vect_dir, "/NHDPLUS_H_2006_HU4_GDB")

# Write out a .gpkg file based on the .gdb files
get_nhdplushr(gdb_dir, file.path(gdb_dir, "nhdplus_2006-HU4.gpkg"))

# Import flow line attribute table as a data.table
flow_line <- read_geopackage(gpkg = pasteO(gdb_dir, "/nhdplus_2006-HU4.gpkg"),
layer_name = "NHDFlowline")

# To import flow line as a graph, first import the attribute table as a

# data.table and then transform to a graph. Note that the first two columns
# need to be the "from" and "to" columns

setcolorder(flow_line, c("FromNode", "ToNode"))

# Create the graph
flow_line_graph <- graph_from_data_frame(flow_line, directed = TRUE)

# Import the catchment layer as a spatial wvector
catchment_sp <- read_geopackage(
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gpkg = pasteO(gdb_dir, "/nhdplus_2006-HU4.gpkg"),

layer_name = "NHDPlusCatchment",
name = "REACHCODE",
import_as = "SpatVect")

Snap points to the network

# Define full path to the stream network raster layer
stream_rast <- pasteO(rast_dir, "/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/swnet.tif")

# Define full path to the flow accumulation raster layer
flow_rast <- pasteO(rast_dir,
"/NHDPLUS_H_2006_HU4_RASTER/HRNHDPlusRasters2006/fac.tif")

# Define thresholds for the flow accumulation of the stream segment, where
# the point location should be snapped to

accu_threshold <- 700

# Define the distance radius

dist_radius <- 20

# Snap point locations to the stream network
point_locations_snapped <- snap_to_network(data = spdata_ids,

lon = "longitude",
lat = "latitude",
id = "occurrence_id",

stream_layer = stream_rast,
accu_layer = flow_rast,

method = "both",

distance = dist_radius,
accumulation = accu_threshold,
quiet = FALSE)

Note: The columns “subc_id_snap dist” and “subc_id_snap_accu” of the table “point_ locations_ snapped”
are only meaningful in case that the stream and flow accumulation raster layers were derived from the
Hydrography90m.
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Function benchmarks

Performance of selected hydrographr functions and their comparison to corresponding
terra workflows

2023-09-05

Introduction and scope

The main focus of hydrographr is to process Hydrography90m (Amatulli et al. 2022) data and include them
in workflows in R. Nevertheless, hydrographr provides geospatial functions which can be useful when working
with geospatial data in general, with the goal to be computationally and RAM usage efficient. Benchmark
tests for selected hydrographr functions should demonstrate the capabilities of the R package. We compared
the tested functions to corresponding workflows which employ the terra package to put the performance
into perspective without claiming any superiority of either one of the R packages over the other.

We focused on five common geospatial tasks that can be easily implemented with both hydrographr and
terra:

e Merging multiple raster layers to one file.

e Cropping a raster layer to a bounding box extent.

o Cropping a raster layer to an irregular boundary of a vector polygon.
o Reclassifying the values of a raster layer.

e Zonal statistics of a raster layer.

All benchmark experiment tasks consisted of reading the input data, processing the data, and writing the
results back to disk (if the output is a raster layer). For each experiment we recorded the total run-time of
the entire task using the function microbenchmark: :microbenchmark. The peak RAM usage was estimated
by observing the task manager (in Windows) and top (on Linux). To ensure reliable estimates of the total
run-time, we repeated each experiment three times. hydrographr requires a different implementations on
Windows and Linux systems. Therefore we performed the experiments on two systems, a Windows laptop
computer (Windows 11 Pro 10.0.22621/Intel i5-8350U/16 GB RAM) and a Laptop running Ubuntu Linux
(Ubuntu 20.04.6 LTS/Intel i5-10310U/16 GB RAM) to identify any major performance differences between
operating systems. The following chapter summarizes the results of the benchmark experiments which where
performed on the two different systems. After the results summary we documented the code for the individual
geospatial tasks for reproducability. We implemented all hydrographr and terra functions with default
settings and we acknowledge that specific input arguments may improve the performance. Nevertheless the
benchmark experiments provide a first general performance overview.

Results of benchmark experiments

The benchmark shows that hydrographr: :merge_tiles overall merged the six tiles faster and using less
RAM compared to terra where the tiles are loaded in R merged with terra: :merge and written to the
hard drive. On average, the performance of hydrographr: :merge_tiles surpassed that of terra on both
Windows and Ubuntu, completing the task 2.5 times faster (179 compared to 457 seconds) and 4 times faster
(158 compared to 623 seconds), respectively. Additionally, terra required on Windows five times the amount
of RAM to perform the merge operation compared to hydrographr (0.84 compared to 4.24 GB).

For both tasks, cropping a raster to the extent of a bounding box and to the boundary of a vector polygon,
terra: :crop outperforms hydrographr: :crop_to_extent in the experiments on the Windows system,
performing the tasks 3.5 times (130 compared to 454 seconds) and 2.5 times (225 compared to 571 seconds)
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faster. The differences on the Ubuntu system were less significant. Particularly, on the Windows system,
terra used 4.5 times (4.43 compared to 0.97 GB) and 3.4 times (3.53 compared to 1.05 GB) more RAM to
perform the cropping task.

The reclassification task was performed for the sub-catchments of the entire Amazon basin, reassigning
random integer values to the over 31 million sub-catchment IDs, thus requiring a rather large reclassification
table. While hydrographr: :reclass_raster was able to perform the task in 179 (Windows) and 116 seconds
(Ubuntu), respectively, while we aborted the terra::classify after 12 hours of run-time with a progress of
approximately 10%.

To assess the performance of computing zonal statistics using hydrographr: :extract_zonal_stat, we
implemented terra::zonal to calculate the mean and the standard deviation of a flow accumulation
raster layer, where the ca. 31 million sub-catchments of the Amazon basin were used as the zones.
hydrographr: :extract_zonal_stat returns the following nine statistical measures by default in a sin-
gle run: the number of cells within each zone, minimum and maximum cell values, range, arithmetic mean,
population variance, standard deviation, coefficient of variation, and sum (as provided by the underlying
r.univar function in GRASS GIS). Hence, if several statistical measures are of interest, the run-times of
individual terra: :zonal executions must be added up for comparison. The calculation of the means is 2.6
times faster when performed with terra::zonal on Windows 247 compared to 645 seconds) and Ubuntu
(197 compared to 520 seconds). The RAM usage is fairly large when calculating all zonal statistics with
hydrographr, with 9.38 GB on Windows and 6.96 GB on Linux, while the mean calculation with terra
only used 2.68 and 5.39 GB, respectively. While the standard deviation is included in the hydrographr
output table, terra: :zonal could not complete the task of calculating the standard deviation and ran out of
memory.
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a) Merge raster tiles

b) Crop to extent

c) Crop to vector boundary

d) Reclass raster values

* Aborted after 12 hours

e) Zonal statistics

II

* Out of memory

(=1 |

Run time (sec)

Benchmark experiments

R packages and paths

Load required libraries:

library (hydrographr)
library(terra)
library(microbenchmark)
library(readr)

Function definitions:

200 400 600 0.0 25 50 75

Peak RAM usage (GB)

# Small helper function to print benchmark experiments
print_experiment <- function(micro) {
cat("Run times in seconds:\n")
t <- round(sort(micro$timexle-9), digits =
names (t) <- c("min", "median", "max")

t

D)

Replicates
min max

median

R package
. hydrographr 1.0.12

. terra 1.7-29

System

Windows 11 Pro 10.0.22621
Intel i5-8350U | 16 GB RAM

- Ubuntu 20.04.6 LTS
Intel i5-10310U | 16 GB RAM
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}

Define working directory:

# Define the working directory for the benchmark experiments
wdir <- "my/working/directory/benchmark"

data_dir <- pasteO(wdir, "/data")
out_dir <- pasteO(wdir, "/output")

# Create a new folder in the working directory to store all the data
dir.create(data_dir)
dir.create(out_dir)

Loading and preparing Hydrography90m test data

We selected the Amazon river basin as a test case, which covers six Hydrography90m tiles in total. The required
tile ids which we have to download are defined with tile_id. The calculation of zonal statistics we want to
perform for the flow accumulation. So we also download the respective layer tiles from Hydrography90m
(defined with vars_tif). We will also load the Amazon "basin" boundary vector layer and will use it in a
cropping task. To download the Hydrography90m data we can use the hydrographr function download_tiles
as shown below.

# Define tile IDs

tile_id <- <¢("h10v06","h10v08", "h10v10", "h12v06", "h12v08", "h12v10")
# Variables in raster format

vars_tif <- c("sub_catchment", "accumulation")

# Variables in vector format

vars_gpkg <- '"basin"

# Download the .tif tiles of the desired wvariables
download_tiles(variable = vars_tif, tile_id = tile_id, file_format = "tif",
download_dir = data_dir)

# Download the .gpkg tiles of the desired wariables
download_tiles(variable = vars_gpkg, tile_id = tile_id, file_format = "gpkg",
download_dir = pasteO(wdir, "/data"))

We also define the extent of the bounding box of the Amazon basin. The bounding box will be used in a
benchmark test for cropping, but also for the preparation of the flow accumulation layer.

bbox <- c¢(-79.6175000, -20.4991667, -50.3400000, 5.2808333)

For the use in the zonal statistics calculation we merge the downloaded flow accumulation tiles with
the hydrographr function merge_tilesand crop the merged layer to the defined bounding box with
crop_to_extent.

# Path where the flow accumulation tiles where loaded to.

acc_dir <- pasteO(data_dir, "/r.watershed/accumulation_tiles20d/")
# List all flow accumulation tiles in the folder.

acc_tifs <- list.files(acc_dir)

# Merge the tiles to one flow accumulation layer.
merge_tiles(tile_dir = acc_dir,

tile_names = acc_tifs,

out_dir = acc_dir,

file_name = "acc_merge.tif")
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crop_to_extent(raster_layer = pasteO(acc_dir, "acc_merge.tif"),
bounding_box = bbox,
out_dir = acc_dir,
file_name = "acc_merge_crop.tif")

Experiment 1: Merging tiles

The first benchmark experiment is to merge the 6 tiles which cover the Amazon basin to on “tif” file. The
run time of the entire workflow is evaluated, which includes loading and merging the input tiles and writing
the outputs back to the hard drive.

The tile files (tile_tifs) were loaded into the data folder which we will now define as tile_dir.

# Folder where the sub-catchment tiles were downloaded to.

tile_dir <- pasteO(data_dir, "/r.watershed/sub_catchment_tiles204")
# List all tile mames in tile_dir

tile_tifs <- list.files(tile_dir, pattern = ".tif$")

Merging tiles with hydrographr is performed with the function merge_tiles. The output layer is saved into
out_dir. The default compression level (compression) is "low", which results already in relatively small
output files while not compromising run time too much.

# Run the benchmark test 3 times and save the run times in t_merge_hydr
t_merge_hydr <- microbenchmark({
merge_tiles(tile_dir = tile_dir,
tile_names = tile_tifs,
out_dir = out_dir,
file_name = "merge_hydr.tif",
compression = "low")
}, times = 3)

# Print the run times
print_experiment (t_merge_hydr)

## Run times in seconds:
## min median max
## 160.5 179.4 190.3

The tested terra workflow involves reading the 6 sub-catchment tiles with the function rast, merging them
with merge and writing the result layer with writeRaster.

# Run the benchmark test 3 times and save the run times in t_merge_terra
t_merge_terra <- microbenchmark ({

rl <- rast(pasteO(tile_dir, "/", tile_tifs[1]))

r2 <- rast(pasteO(tile_dir, "/", tile_tifs[2]))

r3 <- rast(pasteO(tile_dir, "/", tile_tifs[3]))

r4 <- rast(pasteO(tile_dir, "/", tile_tifs[4]))

r5 <- rast(pasteO(tile_dir, "/", tile_tifs[5]))

r6 <- rast(pasteO(tile_dir, "/", tile_tifs[6]))

r_merge <- merge(rl, r2, r3, r4, r5, r6)

writeRaster(r_merge, pasteO(out_dir, "/merge_terra.tif"), overwrite = TRUE)
}, times = 3)

# Print the run times
print_experiment (t_merge_terra)
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## Run times in seconds:
## min median max
## 454.9 457.4 457.4

Experiment 2: Cropping to bounding box

In the following experiment the merged layer “merge_hydr.tif” is cropped to the defined bounding box of the
Amazon basin. Cropping with hydrographr is performed with the function crop_to_extent.

# Run the benchmark test 3 times and save the run times in t_crop_bbox_hydr
t_crop_bbox_hydr <- microbenchmark ({
crop_to_extent(raster_layer = pasteO(out_dir, '/merge hydr.tif'),
bounding_box = bbox,
out_dir = out_dir,
file_name = 'crop_bbox_hydr.tif')
}, times = 3)

# Print the run times
print_experiment (t_crop_bbox_hydr)

## Run times in seconds:
## min median max
## 449.8 453.7 478.4

The corresponding terra workflow includes loading the merged layer with rast, cropping the layer to the
defined bounding box with crop and writing the cropped layer to the hard drive with writeRaster.

# Convert the numeric extent vector to an extent
bboxe <- ext(bbox)

# Run the benchmark test 3 times and save the run times in t_crop_bbozx_terra
t_crop_bbox_terra <- microbenchmark ({

r <- rast(pasteO(out_dir, '/merge_hydr.tif'))

r_crop <- crop(r, bboxe)

writeRaster(r_crop, pasteO(out_dir, '/crop_bbox_terra.tif'), overwrite = TRUE)
}, times = 3)

# Print the run times
print_experiment (t_crop_bbox_terra)

## Run times in seconds:
## min median max
## 130.1 130.6 143.6

Experiment 3: Cropping to basin boundary

Experiment 3 is generally the same as experiment 2, but instead of a bounding box the merged layer was
cropped and masked with the basin boundary of the Amazon basin. The basin boundary layer shold be
located in the data folder.

basin_gpkg <- pasteO(data_dir, "/basin_514761/basin_514761.gpkg")

Cropping with hydrographr is again performed with the function crop_to_extent. Instead of the
bounding_box the path to the ‘gpkg’ input file of the basin boundary is passed to the function with
vector_layer.

# Run the benchmark test 3 times and save the run times in t_crop_vect_hydr
t_crop_vect_hydr <- microbenchmark ({
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crop_to_extent(raster_layer = pasteO(out_dir, '/merge_hydr.tif'),
vector_layer = basin_gpkg,
out_dir = out_dir,
file_name = 'crop_vect_hydr.tif')
}, times = 3)

# Print the run times
print_experiment (t_crop_vect_hydr)

## Run times in seconds:
#i# min median max
## 568.0 571.0 592.3

The corresponding terra workflow includes loading the merged layer with rast, loading the basin boundary
with vect, cropping the layer to the basin boundary with crop and writing the cropped layer to the hard
drive with writeRaster. For crop the input argument mask = TRUE is set, to crop and mask the layer with
the basin boundary polygon.

# Run the benchmark test 3 times and save the run times in t_crop_vect_terra
t_crop_vect_terra <- microbenchmark ({

r <- rast(pasteO(out_dir, '/merge_terra_linux.tif'))

basin <- vect(basin_gpkg)

r_crop <- crop(r, basin, mask = TRUE)

writeRaster(r_crop, pasteO(out_dir, '/crop_vect_terra.tif'), overwrite = TRUE)
}, times = 3)

# Print the run times
print_experiment (t_crop_vect_terra)

## Run times in seconds:
## min median max
## 224.3 225.0 225.5

Experiment 4: Reclassifying raster values

For the reclassification task all sub-catchment IDs of the Amazon basin should be reassigned a new ran-
dom value. To set up the experiment, a table is generated which includes all unique sub-catchment IDs
(recl_hydr$id) and a corresponding “new” random integer number between 1 and 100 (recl_hydr$new).
The Amazon basin has approximately 31 million sub-catchments which should be reclassified.

r <- rast(pasteO(out_dir, '/crop_vect_hydr.tif'))
ids <- terra::unique(r)

recl_hydr <- data.frame(id = ids$crop_vect_hydr_low_linux,
new = round(runif(nrow(ids), 1, 100)))

recl_hydr$id <- as.integer(recl_hydr$id)

recl_hydr$new <- as.integer(recl_hydr$new)

The reclassification with hydrographr was performed with the function reclass_raster. For the reclassifi-
cation of the sub-catchment IDs the generated dummy input table recl_hydr was passed to the function
with data and the cropped and masked sub-catchment layer was used for the reclass task.

# Run the benchmark test 3 times and save the run times in t_recl_hydr
t_recl_hydr <- microbenchmark ({
reclass_raster(data = recl_hydr, rast_val = "id", new_val = "new",
raster_layer = pasteO(out_dir, '/crop_vect_hydr.tif'),
recl_layer = pasteO(out_dir, '/recl hydr.tif'),
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read = FALSE, no_data = 0, type = "Int32")
}, times = 3)

# Print the run times
print_experiment (t_recl_hydr)

## Run times in seconds:
## min median max
## 162.4 179.5 188.0

The corresponding terra workflow includes loading the cropped sub-catchment layer with rast, the reclassifi-
cation with classify and writing the cropped layer to the hard drive with writeRaster. classify requires
a matrix which defines the from/to values. The reclass workflow with terra was aborted after 12 hours and
a progress of approximately 10% and cannot be compared to the performance of hydrographr.

ids_mtx <- as.matrix(recl_hydr)

# Run the benchmark test 3 times and save the run times in t_recl_terra
t_recl_terra <-microbenchmark({

r <- rast(pasteO(out_dir, '/crop_vect_hydr.tif'))

recl_terra <- classify(r, ids_mtx)

writeRaster(recl_terra, pasteO(out_dir, '/recl_ terra.tif'))
}, times = 5)

Experiment 5: Zonal statistics

Zonal statistics were calculated based on the cropped and masked sub-catchment layer to define the zones
and the flow accumulation of the Amazon basin for which zonal statistics were calculated. hydrographr
calculates zonal statistics with the function extract_zonal_stat. In its current version it cannot select
specific statistical metrics which should be calculated, but returns a table of statistics including the minimum
and maximum values, the range, the arithmetic mean, variance and standard deviation, the coefficient of
variation, and the number of cells per zone. Therefore, the run time to calculate all of these metrics is
compared to the calculation of the arithmetic mean and the standard deviation with terra.

# Run the benchmark test 3 times and save the run times in t_zonal_hydr
t_zonal_hydr <- microbenchmark({
extract_zonal_stat(data_dir= acc_dir,
subc_id = "all",
subc_layer = pasteO(out_dir, '/crop_vect_hydr.tif'),

var_layer = "acc_merge_crop.tif",
out_dir = out_dir,
file_name = "zonal_hydr.csv",

n_cores =1)
}, times = 3)

# Print the run times
print_experiment (t_zonal_hydr)

## Run times in seconds:
## min median max
## 631.6 644.7 657.0

In a first test workflow with terra the mean value of flow accumulation for the sub-catchments is calculated.
The corresponding terra workflow includes loading the cropped and masked sub-catchment layer with rast,
loading the cropped flow accumulation layer, calculating the mean value for all sub-catchments with zonal
and the input argument fun = "mean" and writing the cropped layer to the hard drive with writeRaster.
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# Run the benchmark test 3 times and save the run times in t_zonal_terra_mean
t_zonal_terra_mean <- microbenchmark ({

z <- rast(pasteO(out_dir, '/crop_vect_hydr.tif'))

acc <- rast(pasteO(acc_dir, "/acc_merge_crop.tif"))

zonal _terra_mean <- zonal(acc, z, fun = "mean")
}, times = 3)

# Print the run times
print_experiment (t_zonal_terra_mean)

## Run times in seconds:
## min median max
## 246.6 247.0 251.7

In a second experiment with terra the standard deviation should be calculated. The workflow remains
the same. The only difference is the input argument fun in zonal which is now set as fun = "sd". The
execution of this experiment resulted in a memory overflow and could not be completed.

# Run the benchmark test 3 times and save the run times in t_zonal_terra_sd
t_zonal_terra_sd <- microbenchmark ({

z <- rast(pasteO(out_dir, '/crop_vect_hydr.tif'))

acc <- rast(pasteO(acc_dir, "/acc_merge_crop.tif"))

zonal_terra_sd <- zonal(acc, z, fun = "sd")
}, times = 3)
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Table S1.1. Biomes based on Dinerstein et al. (2017). See also Figure S1.1 and the interactive map at
https://ecoregions.appspot.com/ (select “Biome” from the top menu).

Biome Biome name Biome category
1 Tropical and subtropical moist broadleaf forest tropical
2 Mangrove mangrove
3 Tropical and subtropical grassland savanna and shrubland tropical
4 Tropical and subtropical dry broadleaf forest tropical
5 Flooded grassland and savanna flooded grassland
6 Tropical and subtropical coniferous forest tropical
7 Deserts and xeric shrubland desert
8 Montane grassland and shrubland montane
9 Mediterranean forest woodland and scrub mediterranean
10 Temperate grassland savanna and shrubland temperate
11 Temperate broadleaf and mixed forest temperate
12 Temperate conifer forest temperate
13 Boreal forest/taiga boreal
14 Tundra tundra
15 Rock and ice ice

Table S1.2. Sensitivity values of Ephemeroptera, Plecoptera, Trichoptera and Odonata assemblages within
each biome. Biomes based on Dinerstein et al. (2017); see Table S1.1 and Figure S1.1.

order_ID biome mean_sens

EPTO 1 1.6

EPTO 2 1.29
EPTO 3 1.87
EPTO 4 1.49
EPTO 5 1.43
EPTO 6 1.37
EPTO 7 1.43
EPTO 8 1.96
EPTO 9 1.03

EPTO

—_
)

1.11
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EPTO 11 0.97
EPTO 12 1.37
EPTO 13 0.9

EPTO 14 0.86
Ephemeroptera 1 1.65
Ephemeroptera 2 1.2

Ephemeroptera 3 1.95
Ephemeroptera 4 1.82
Ephemeroptera 5 1.26
Ephemeroptera 6 0.98
Ephemeroptera 7 1.57
Ephemeroptera 8 1.8

Ephemeroptera 9 1.08
Ephemeroptera 10 0.97
Ephemeroptera 11 0.99

Ephemeroptera 12 0.89
Ephemeroptera 13 0.94
Ephemeroptera 14 0.81

Plecoptera 1 2.1

Plecoptera 3 1.43
Plecoptera 7 1.47
Plecoptera 8 2.03
Plecoptera 9 0.88
Plecoptera 10 1.31
Plecoptera 11 0.98
Plecoptera 12 1.52
Plecoptera 13 0.82
Plecoptera 14 0.84
Trichoptera 1 1.43
Trichoptera 3 2.88
Trichoptera 4 1.43
Trichoptera 5 0.85
Trichoptera 6 1.34
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Trichoptera 7 1.68
Trichoptera 8 2.03
Trichoptera 9 1.07
Trichoptera 10 1.31
Trichoptera 11 1.05
Trichoptera 12 2
Trichoptera 13 0.94
Trichoptera 14 0.95
Odonata 1 1.24
Odonata 2 1.39
Odonata 3 1.23
Odonata 4 1.24
Odonata 5 2.18
Odonata 6 1.81
Odonata 7 1
Odonata 8 2.01
Odonata 9 1.1
Odonata 10 0.87
Odonata 11 0.87
Odonata 12 1.09
Odonata 13 0.92
Odonata 14 0.84
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Figure S1.1. The global biome map from Dinerstein et al. (2017) which we modified regarding new colour
codes of the biomes that correspond to those in our CNFA analyses and figures.
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Figure S1.2. Mean niche sensitivity of the genera occurring in each biome with respect to the number
of subcatchments sampled in each biome. Biomes based on Dinerstein et al. (2017); see Table S1.1 and
Figure S1.1.
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Mean marginality per sub-catchment across genus richness
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Figure S1.3. a) Mean niche marginality of the genera occurring in each subcatchment against the number
of genera occurring in the subcatchment. b) Mean niche marginality of the genera occurring in each
subcatchment across mean absolute latitude of the subcatchment.

(2017); see Table S1.1 and Figure S1.1.

Biomes based on Dinerstein et al.
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Mean marginality per biome across genus richness
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Figure S1.4. a) Mean niche marginality of the genera occurring in each biome against the number of genera
occurring in the biome. b) Mean niche marginality of the genera occurring in each biome across mean
biome absolute latitude. Biomes based on Dinerstein et al. (2017); see Table S1.1 and Figure S1.1.
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