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Resumen

Abstract

RESUMEN

Antecedentes

Durante los dos ultimos siglos, se ha tratado de comprender la organizacion de
la naturaleza y los patrones geograficos de las especies a través de la continua
recopilacion de datos sobre biodiversidad. En las ultimas décadas, esta gran
movilizacion y disponibilidad de datos ha llegado a transformar la ecologia en
una ciencia de datos a mdltiples escalas, originando nuevos campos como la
ecoinformatica y la informéatica de la biodiversidad. Sin embargo, es fundamental
que este desarrollo esté basado en informacién ecoldgica de calidad para ayudar
a la sociedad a afrontar los futuros desafios que plantea el cambio global. Existen
aun retos a la hora de manejar los registros de presencia de especies, debido al
desconocimiento o mal uso de los procesos y estandares disponibles asociados
a este manejo, asi como a la integracién de diferentes fuentes de informacién en
grandes bases de datos. Los estudios ecoldgicos siguen sin documentar
adecuadamente todos los pasos de seleccion seguidos para seleccionar los
datos, el cédigo desarrollado, o los métodos y los flujos de trabajo utilizados.
Esto, junto con que la informacién sobre biodiversidad presenta lagunas y
sesgos, puede afectar a la fiabilidad en la interpretacion de los patrones de

distribucion de las especies y sus respuestas ecoldgicas.
Objetivos

El objetivo general de esta tesis doctoral es evaluar los diferentes procesos de
seleccién y armonizacion de datos pertenecientes a registros de presencia de

especie, asi como el impacto que pueden generar las diferentes practicas en las
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respuestas geograficas de las especies que se infieren. De manera especifica
se aborda: 1) Una revision bibliografica completa de los métodos disponibles
actualmente, asi como el desarrollo de una aplicacion web que integra de
manera organizada toda la informacion recopilada (Capitulo 1); 2) La evaluacién
de la cobertura geografica de la informacion sobre la riqueza y los gradientes
latitudinales observados tras someter a un conjunto de registros de musgos a
diferentes escenarios de filtrado y armonizacion (Capitulo 2); 3) La evaluacion
de variaciones en la representatividad del nicho bioclimatico realizado de las
especies de plantas vasculares tras aplicar filtros basados en el estatus
biogeografico de las areas en las que se encuentran los registros de ocurrencia

(Capitulo 3).

Métodos

Para el Capitulo 1, se realiz6 una amplia revision de la bibliografia reciente
sobre los métodos, herramientas y estrategias disponibles para el manejo de
registros de presencia de especies en grandes bases de datos. A continuacion,
se organizo la informacion en una guia completa en forma de aplicacién
interactiva (Shiny app) de facil uso desarrollada en lenguaje de programacion R.
Para la elaboracién de los capitulos 2 y 3, se extrajeron registros de presencia
de especies de cuatro portales de datos de biodiversidad. Especificamente, para
el segundo capitulo de esta tesis, se evalud la variacion proporcionada por
diferentes escenarios de filtrado y armonizacion de registros, en la riqueza de
especies observada en musgos del hemisferio norte. Se mapearon las celdas de
100 x 100 km bien muestreadas de acuerdo con estimaciones de completitud de

inventario, y para realizar las comparaciones entre gradientes latitudinales se
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usaron regresiones lineales por partes. Para el tercer capitulo, se descargaron
todos los registros de especies de plantas vasculares terrestres disponibles en
GBIF (Global Biodiversity Information Facility). Los nichos bioclimaticos para
cada especie se calcularon mediante métodos de ordenacion usando analisis de
componentes principales, generando diferentes configuraciones de cobertura
espacial segun el estatus biogeografico de los registros (nativo o introducido)
indicado en Plants of The World Online. Ademas, se asignaron los climas

ocupados por cada especie segun la clasificacion de Képpen-Geiger.

Resultados

En el Capitulo 1, se presenta la aplicacion OCCUR como una guia interactiva
de facil uso que contiene informacién de numerosos procedimientos de manejo
de registros de ocurrencia de especies. Esta organizada en cinco médulos segun
el tipo de filtros (naturaleza del registro, taxonomia, geografia, tiempo y deteccién
de duplicados) y genera un informe final personalizado con todos los pasos
marcados para aplicar posteriormente en el proceso de gestion de datos. En el
capitulo 2, se procesaron 9,2 millones de registros de 5.693 especies diferentes,
mostrando cémo la riqueza observada de musgos a escala de celda varia tras la
selecciéon de determinados procedimientos de armonizacion taxondmica y filtros
basados en la naturaleza del registro y rangos temporales. Esto influyd, a su vez,
en que la distribucién observada del gradiente latitudinal de rigueza a escala
regional varid segun el escenario de filtrado escogido, aunque a escala global se
mantuvo similar en todos los casos. En el capitulo 3, la evaluacion de cerca de
350 millones de registros de 268.081 especies de plantas vasculares terrestres

de 81 6rdenes mostré cdmo los registros de biodiversidad disponibles fuera de
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la distribucion conocida de las especies producen una importante ampliacion del
nicho bioclimatico que ocupan, afectando entre 20-40% de las especies de cada

orden.

Conclusiones

La seleccion y aplicacion de ciertos métodos de validacion, filtrado y
armonizacion de registros de presencia de especies compromete el volumen y
distribucion espacial de los datos disponibles. En consecuencia, esto afecta a la
respuesta geogréfica observada para patrones de biodiversidad como el
gradiente latitudinal de las especies de musgos o el nicho realizado de las
especies de plantas vasculares. En conjunto, las evaluaciones incluidas en esta
tesis demuestran que los registros de presencia de especies pueden proveer
resultados robustos, pero que los criterios para tratar estos datos deben estar

siempre correctamente justificados, indicados y aplicados.

10
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ABSTRACT

Background

During the last two centuries, a continuous compilation of biodiversity data has
helped to understand the geographical patterns of species distributions. In the
last decades, the immense mobilisation and the resulting massive availability of
data have transformed ecology in a data-intensive science operating across
multiple scales, introducing new research fields, such as ecoinformatics and
biodiversity informatics. Transforming such a volume of ecological data into high-
quality ecological knowledge enabled addressing concerns about global change
impacts on the living world. However, there are still some challenges in handling
species occurrence records, such as implementing adequate data-management
processes and standards, or the integration of heterogeneous datasets into
harmonized large databases. Often, ecological studies do not adequately
document all the data-selection steps they follow, nor the code, methods and
workflows used to that end. Moreover, biodiversity information typically presents
gaps and biases, and these limitations affect the reliability of biodiversity
measures and the interpretation of results, which contributes to an incomplete
knowledge of species geographical distribution or the misinterpretation of their

associated ecological responses.
Objectives

The general objective of this doctoral thesis is to assess the data management

processes (i.e. curation, harmonisation, cleaning and filtering) that are applied to

11
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species occurrences records, and the impact of different practices in the
interpretation of ecological results. This is done through three specific objectives:
1) Synthesise the bibliographic information on data curation methods and
develop a web application that integrates and organises the information about
these methods (Chapter 1); 2) Evaluate how applying different criteria for data
curation affects the geographical coverage of the latitudinal gradient of mosses
species richness (Chapter 2); 3) Evaluate how filtering species occurrence data
based on their biogeographical status affects the representativeness of the

realised bioclimatic niche of plant species (Chapter 3).

Methodology

The three chapters presented apply specific computational tools to manage and
use species occurrence records in ecological research. For Chapter 1, an
interactive tool to filter species occurrence records was developed. For this, the
information extracted from a broad revision of the literature on data curation
methods was organised in a complete guide in the form of an interactive and user
friendly Shiny R application. The OCCUR application guides researchers in
dealing with the trade-off between data certainty and volume when curating
species occurrence records. For Chapters 2 and 3, species occurrence records
were extracted from four biodiversity open-access data portals. Specifically,
Chapter 2 compiled records of mosses from the Northern Hemisphere and
evaluated the effect of different curation scenarios in the observed pattern of
species richness. Well-sampled cells at 100 x 100 km were identified by using
inventory completeness estimates, and piecewise linear regressions to perform

comparisons between the mapped latitudinal gradients. For Chapter 3, ca. 350

12
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million records available in the Global Biodiversity Information Facility from
species of terrestrial vascular plants were downloaded. Bioclimatic niches were
estimated using Principal Component Analysis for each species, from different
sets of species occurrence data based on the biogeographical status (native,
introduced or unknown) of the species from Plants of The World Online. The main
type of climate occupied by species records was assigned from the Képpen-

Geiger classification.

Results

In Chapter 1, the shiny application OCCUR is presented as a user-friendly guide
that provides information about the numerous curation steps identified by the
compilation of the available literature. It guides the selection of species
occurrence records through five modules (basis of records, taxonomy,
geography, time and duplicates), producing a custom-made final report with the
choices for all the steps marked. In Chapter 2, the processing of ca. 9.2 million
records of 5,693 different species showed that the observed moss species
richness, at the cell scale (100 km), varies with the taxonomic standardisation
criteria, or with filters based on preserved specimens and temporal ranges.
Consequently, different curation scenarios showed different peaks of the
latitudinal gradient at regional scale. Yet, at global scale, the gradients were
similar regardless of the curation criteria. In Chapter 3, the assessment of
268,081 species of terrestrial vascular plants from 81 orders showed that a large
number of publicly available records are located out of the known distribution

range of many plant species. These records produced an important enlargement

13
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in the realised bioclimatic niche occupied by these species, affecting between

20% and 40% of the species in each plant order.

Conclusions

Managing records under particular curation criteria affects the volume of
available data and consequently, the spatial information displayed in some areas.
Consequently, the observed geographic patterns of biodiversity, such as the
latitudinal species richness gradient of mosses or the representation of the
realised niche of vascular plants change due to specific practices in the
application of filters to select species occurrence records. The evaluations
included in this dissertation shows that species occurrence records from
biodiversity databases can provide robust results of ecological patterns, but also
that the criteria used to handle these data should always be properly justified and

well-documented.

14
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1. THE QUANTITATIVE APPROACH IN NATURAL SCIENCES

In the last two and half centuries, natural sciences have been seeking to
understand the organisation of the natural world and answer apparently simple
but challenging questions such as 6whaw many
gr ows wher e, and why?0 ( May, -Hblhé&s8& Gasto
Svenning, 2018). This idea of using data to fill the knowledge about the natural
phenomena started with naturalists like Alexander von Humboldt (1769-1859)
and Aimé Bonpland (1773-1858). In an era of exploration of the New World, their
aim was to understand the whole picture of the living world describing and
measuring everything everywhere (Humboldt, A. & Bonpland, A. (1807) 2009).
Humboldt settled this holistic idea of counting, collecting and accumulating
observations of species and their environment through an interdisciplinary,
quantitative and empirical approach (Gaston, 2000; Morueta-Holmes &
Svenning, 2018). From this colossal effort, he created the very first collection of
maps of geographical botany, a major contribution documenting the patterns of
distribution of plant species, which in last term founded the science of

biogeography (Morueta et al., 2015; Morueta-Holmes & Svenning, 2018).

A new vision of nature emerged from this biogeographical perspective.
Humbol dt &0s |l egacy relies upon t he extensi
observations to map ranges of distribution along gradients such as altitude and
latitude. The strategy of massive collection of field data inaugurated by Humboldt
in the nineteenth century implies interdisciplinary efforts and expert-based
methods. Originally, this idea of disentangling geographical patterns and the

processes behind them appeared as mere curiosity. Nowadays, the same

17




appreciation has become a matter of concern in understanding the current status
and future of biodiversity in the Anthropocene (Gaston, 2000; Morueta-Holmes &
Svenning, 2018). Nature is a complex system of many diverse living things
distributed along our planet, interconnected and influenced by abiotic and biotic
factors (Morueta-Holmes & Svenning, 2018). Any attempt to reduce the
organisation of the living world into simple universal laws is difficult, as
observations based on small-scale ecological systems often cannot be
generalised (Brown & Maurer, 1989; Lawton et al. 1999). In the first decades of
the 20th century ecologists were more interested in small-scale phenomena.

However, in the 1970s and 1980s this focus shifted to large-scale dimensions (in

space, taxa or time) duetotheso-c al | ed Humbol dt 6s &ér enai

Morueta-Holmes & Svenning, 2018; McGill et al., 2019). This shift transform the

studies from painted maps and inferences about the mechanisms behind patterns

sSan

of distribution t owbusmanpgs ®@IrS rteogorless sti néd raan

analyses to make map predictions (Beck et al., 2012; Morueta-Holmes &

Svenning, 2018; West et al., 2019).

The quantitative approach to understand nature originated centuries ago involves
basic measurements and mathematical concepts to represent the natural
(physical) features on the Earth (e.g., temperature, humidity, light intensity). It
also explores how these features affect the number and proportion of species at
different scales and categories, the ratio of body sizes among organisms or the
commonness and rarity of specimens. These quantifications of apparently simple
numbers provided first insights about the organisation and diversity of the world
from local to regional scale, showing patterns of natural laws under the

distribution of specimens based on the environment (May, 1988; Brown & Maurer,

18




1989; Gaston, 2000; Morueta-Holmes & Svenning, 2018). Understanding the
shape of biodiversity patterns at large spatial and temporal scales continues in
the XXI century, as no comprehensive catalogue for all the living specimens
exists. There are still many challenges matching scales of work with the variations

in the biodiversity of assemblages and community processes.

2. DATA SCIENCE IN BIODIVERSITY RESEARCH: PROGRESS AND

CHALLENGES

Growing concerns about the living world and our future are linked with increasing
demands for biodiversity knowledge to guide conservation actions (Gaston, 2000;
Moureta-Holmes & Svenning, 2018; Nufiez et al., 2021). In 2010, the Conference
of the Parties (COP 10, Japan) established a new Strategic Plan for Biodiversity
in the Convention on Biological Diversity. This plan recognised the value of
sharing and transferring biodiversity knowledge to the society. This entails
developing methodologies and initiatives to mobilise species data and track
biodiversity trends (UNEP, 2010). Such mobilisation of massive biodiversity data
so far should help to accomplish science policy about the conservation,
sustainable management and protection of the ecosystems and species loss
contained in the 15th goal of the United Nations Sustainable Development Goals

(UN General Assembly, 2015).

This demand for information about biodiversity rose simultaneously with the
development of the Internet and computational tools (Boakes et al., 2010; Allen
et al., 2019). In the last decades, a worldwide massive mobilisation, compilation,

and availability of data have transformed how ecology was conceived, making it
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part of a data-intensive science (Bisby, 2000; Kelling et al., 2009; Hampton et al.,
2013; Chapman et al., 2020). As a consequence, ecology has become more
reliant on large datasets of broader coverage across multiple scales (i.e. the
macroecological approach; Hampton et al., 2013; Wiest et al., 2019). This data-
driven approach offers a great opportunity to improve our knowledge across all
domains of biodiversity science at scales never thought before (Bisby, 2000;
Kelling et al., 2009; Hampton et al., 2013; Nelson & Ellis et al., 2018; Allen et al.,
2019; Heberling et al., 2021). Yet, there is not only a rapid growth of data volume
but also a large variety of data, which challenges their management and analysis
along with their veracity (reliability) (Farley et al., 2018; Wuest et al., 2019). The
different sources come from remote sensing, low-cost sensor networks,
community resources, citizen science (e.g., eBird, iNaturalist), long-term
ecological research (LTER) or biodiversity databases (Boakes et al., 2010;
Hampton et al., 2013; Farley et al., 2018). This biodiversity big data topic (a term
often used as synonymous for large data in macroecology according to Wiest et
al., 2019) offers new possibilities to address environmental issues such as
invasive species, climate change, species conservation, biodiversity
documentation or ecosystem services among others (La Salle et al., 2016). It is
thus central that biodiversity research takes advantage of this new big data
revolution by adapting their methods and workflows to the emerging opportunities

(Kelling et al., 2009; Farley et al., 2018).

In this context ecoinformatics was born as a subdiscipline of ecology linked with
data science, providing a framework for discovering, managing, integrating,
analysing, visualising and preserving massive amounts of biological,

environmental and socioeconomic data currently available (Michener et al.,

20




2012). It develops tools to overcome several of the challenges in reproducibility,

scalability and data availability that the data-intensive approach generates

through the community of researchers (Kelling et al., 2009; Michener et al., 2012;

Farley et al., 2018; Anderson et al., 2020). With the foundation of ecoinformatics

and subfields such as biodiversity informatics, now there are multiple routes to

transform such a volume of ecological data into ecological information. This

requires ecologists to understand the whole data handling process, from the initial

plan and data acquisition, integration and management, to the final analyses that

provide ecological knowl edge from this dat a
cycledé (Michener et al ., 2012) and compreh

followed for better integrating ecoinformatics into the research workflow.

This framework still presents some challenges in handling data but there have

been extensive efforts recently to guide researchers into this system. The FAIR
principles (O0Findabl eb, ORecusadbl 606 gad het e
data concerns and offer the best practice guidelines for producers and publishers

of the academia, agencies and industry managing the data (Wilkinson et al.,

2016; Heberling et al., 2021). FAIR principles aim to extract the most benefit from

the research data, algorithms, tools and workflows, while keeping their integrity

and fitting to the scientific method. Their application combines aspects such as

using unique identifiers; formal languages and standards all built on an open,

universal and free basis (Wilkinson et al., 2016). Importantly, the FAIR approach

hi ghlights the i mportance of creating rich
Michener et al., 2012) for present and future reusability of the data and creating

stable trusted repositories that allow the community to track data provenances

21




and give full acknowledgement and credit to the experts and collaborators

(Hobern et al., 2019).

Open access to biodiversity information implies the creation of software, data
portals, repositories and collaborative environments to allocate and share all the
data collected over time (Wilkinson et al., 2016; Farley et al., 2018; Hobern et
al., 2019). Merely a decade ago much ecological data were not made publically

available, except perhaps for genetics (Hampton et al., 2013). Although this is a

persistent problem nowadays, many journal ¢

guidelines the mandatory archive of data and code used in the studies before

their publication (W¢igest et al., 2019;

must provide citable references with unique identifiers to give researchers credit
(DOIls). Some of the most important repositories used in ecoinformatics are
Zenodo, Dryad or Figshare for data collection (Hughes et al., 2021a) and

rOpenSci and GitHub for code (Farley et al., 2018; Kim et al., 2022).

The data management component of the
implementation of quality controls and the use of standards before and after their
collection (Michener et al., 2012). The standard provides a controlled vocabulary
through the terms translating the text information contained in biodiversity
records, thereby ensuring the reusability of the data (Konig et al., 2019). One of
the main not-for-profit associations that promotes and develops these standards
and guidance is the Biodiversity Information Standard (TDWG, an acronym of the
former Taxonomic Databases Working Group) (Chapman et al., 2020). The
TDWG maintains multiple different standards related to biodiversity information,
being the Darwin Core (DwC) one of the most important ones for biodiversity data

information used by the Global Biodiversity Information Facility i GBIF
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(Wieczorek et al., 2012; Nelson & Ellis, 2018). The common language created
with the Darwin Core sets the terms to properly define and organise the
semantics making it comprehensible to users, and interpretable by machines

(Wieczorek et al., 2012).

3. DATA INTEGRATION IN BIODIVERSITY AGGREGATORS

Effective use of the data relies on integrating datasets and disconnected
databases developed with individual purposes and coming from diverse projects
(Konig et al., 2019; Heberling et al., 2021). The integration of data from natural
history collections has been achieved through a major development of
biodiversity infrastructures and networks (Wuest et al., 2019; Heberling et al.,
2021; Feng et al., 2022), which now provide an integrated mechanism to share
the existing and future biodiversity data within and among countries facilitating
access to a wide range of data (Faith et al., 2013). This progress comprehends
the different aspects of biodiversity required for macroecological studies:
(phylo)genetics, taxonomy, demography, abundance, conservation status,
socioeconomics, (phenotypic) traits, ecological interactions, and (species
occurrence) distribution data, from individuals to biomes (Keppel et al., 2011;
Allen et al., 2019; Wuest et al., 2019; Heberling et al., 2021). Each large-scale
biodiversity data aggregator, collects different types of ecological measurements
covering diverse spatial extents, taxonomic groups and types of records (e.g.,
texts, images, video, audio) and only part of them are connected (Farley et al.,
2018; Feng et al., 2022). These global databases and portals provide the best

picture of the available biodiversity, by organising the data that helps to address
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and link research questions (Cornwell et al., 2019; Heberling et al., 2021). Based
on their respective aims we can differentiate the multiple types of networks,

databases and citizen science projects available (see Fig. 1) (La Salle et al.,

2016; Allen et al., 2019; Feng et al., 2022).
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Figure 1. Landscape and examples of the structure of different types of
aggregators based on their respective aims: spatial coverage (green) and
taxonomical coverage (yellow) adapted from Feng et al. (2022). Underlined

examples correspond to citizen science projects or databases.
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The Global Biodiversity Information Facility (GBIF), launched in 2001, conforms
the largest and most used data aggregator (Faith et al., 2013; Farley et al., 2018;
Nelson & Ellis 2018; Heberling et al., 2021), with more than 3 billion records
accumulated by the end of 2024. This international cyberinfrastructure bring
together data from heterogeneous sources from particular small datasets of
scientists to large and long lasting programs of institutions and research centres
(Enquist et al., 2016; Chapman et al., 2020). The network also offers services,
standards and tools to obt-or-wmnsed npreigmaartye da
(Faith et al., 2013). Many macroecological and biogeography studies essentially
rely on species occurrence data, particularly from GBIF (Wiest et al.,, 2019;
Heberling et al., 2021) to assess species distributions across space and time.
Moreover, it can be combined with other types of information on species
geographical distribution, such as inventory plots, checklists of specific regions

or range maps (Konig et al., 2019; Wiest et al., 2019; Feng et al., 2022).

4. BIODIVERSITY DATA: SPECIES OCCURRENCE RECORDS

Species occurrence data is one of the main types of data used in ecology. This
term, known as Primary Biodiversity Data (Anderson et al , 200 )y,6 O6pr e
data (Isaac & Pocock, 2015) or Digital Accessible Information - DAI (Meyer et al.,

2015), consists of individual records with a taxonomic identification collected or
observed in a particular space and event date by someone (Isaac & Pocock,
2015; Anderson 2020). Even though at first they were extracted mainly from

museum specimens, there has been a strong rise in observations collected by

humans and machines lately (Heberling et al., 2021). The most important terms
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included in occurrence records based on the Darwin Core standard are related
to spatial information (dwc:country, dwc:decimalLatitude and
dwc:decimalLongitude), taxonomy (dwc:scientificName) and time
(dwc:eventDate) (Chapman et al., 2020). These terms are used to address any
data quality issue during the curation or filtering process of the species

occurrence records (Chapman et al., 2020).

These HAmchelalpect 06 occurrence records compreh
invaluable study material easily accessible from all over the world that allows us
to improve our ecological knowledge and answer questions that could have never
been answered through other ways (Allen et al., 2019; Dennis & Hardy, 1999;
Lobo, 2008; Boakes et al., 2010, Gaul et al., 2020). Species occurrence records
displayed their utility mostly for species distributional models and SDM-related
tools, which can be used to predict species future climate scenarios (Heberling
et al.,, 2021). Moreover, species occurrence records are also, for the basis for
ecological niche studies, biodiversity informatics methods, species interactions or
application-based topics such as invasive management or conservation actions
(Faith et al., 2013; Meyer et al., 2015; Feng et al., 2019; Anderson et al., 2020;

Heberling et al., 2021).

5. BIASES AND GAPS IN BIODIVERSITY INFORMATION

Despite the enormous efforts devoted to managing biodiversity data, this
information presents several limitations that affect the reliability of measures and
any subsequent interpretation (Boakes et al., 2010; Hortal et al., 2007, 2008;

Meyer et al., 2015). The challenge of accessing and using massive amounts of
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occurrence records data lies in ensuring consistency, accuracy and integration

issues, which must be addressed before setting any ecological questions

(Yesson et al., 2007; Enquist et al., 2016). Part of these limitations are intrinsic to

the data (i.e. data errors, inaccuracies or misidentifications). Broadly speaking,

these | imitations can be groupedesnsboofive
data el ement s, (b) the O6conformanced of f ol
the 6consistency6 of data el ements between
of values, and (e) the O6resolutiond,and det
2007; Chapman et al., 2020). However, there are also limitations inherent to the

accessibility and transparency of the data, and related to the data management

process (i.e. curation, cleaning and filtering) (Anderson et al., 2020). Ultimately,

all these limitations result in a series of gaps and biases, usually driven by human

factors, which emerge depending on various sources and nature due to:

(1) The uneven intensity of data recording through time. In general, there are
more records captured in recent years (Isaac et al., 2014) and there is a temporal
decay in the quality and adequacy of the biodiversity information due to the
dynamic nature of both the natural systems (i.e. dispersal, demographic, and
ecological processes in communities) and the taxonomic knowledge (Tessarolo
et al., 2017). These temporal biases result from the lack of systematic studies
over-time, particularly affecting poorly studied species (Rocha-Ortega et al.,
2021). Also, the collecting peaks are related to the temporal range in which

certain experts or research groups are more active (Newbold et al., 2010).

(2) The uneven sampling effort per visit. As data is collected using diverse survey
methods, they do not present uniform trends (Rocha-Ortega et al., 2021). Thus,

the more time spent searching the more species are found (Isaac et al., 2014).
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(3) The uneven spatial coverage. Explained by the relationship between well-
surveyed areas and the spatial distribution and distance of recorders and
collectors (Isaac et al., 2014; Newbold et al., 2010). This can be related to the
accessibility of areas (e.g., distance to roads and cities or elevation/depth)
(Monsarrat et al.,, 2019; Hughes et al., 2021; Sobral-Souza et al., 2021), the
security or the international scientific integration and financial resources (Meyer
et al., 2015). The uneven distribution of research and funding in the world shapes
the sample coverage (Cornwell et al., 2019). Besides, there is a clear relationship
between GDP-per-capita and the sampling coverage, being more than 80% of
the records collected by the top ten countries (including USA, Australia, South
Africa and several European countries) (Hughes et al., 2021). Indeed, European
countries tend to have more researchers and the information coverage of this
region is higher than in other regions, even though they also studied biodiversity

outside of their regions (e.g., Brazil, China or Mexico) (Heberling et al., 2021).

(4) The uneven detectability of certain species (Isaac et al., 2014). Common and
easy-to-identify species are more represented than rare species or those that
require skills and expertise to be identified (Isaac & Pocock, 2015). Estimates of
detectability give information on the number of visits needed to establish the
certainty of presence or absence of a species at a particular site (Guillera-Arroita
et al., 2010). This detectability is also related to the population density and
occupation of large areas of distribution (Sousa-Baena et al., 2013; Shirey et al.,
2021). Species detectability can vary in space (correlating with environmental
predictors) and/or time, but even when it is constant, the associated bias can
change any inference and estimate in species distributions (Guillera-Arroita,

2017).
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(5) The uneven research effort biases towards certain charismatic species and
groups of organisms (Newbold et al., 2010; Troudet et al., 2017) due to their
|l arger si ze, Oappeal 6 (Meyer edakes atlal.,
2010). Typically, there is an overrepresentation in biodiversity databases of
vertebrates (birds and mammals) and plants over other groups with higher

species richness (Newbold et al., 2010; Meyer et al., 2015; Hughes et al., 2021).

(6) The uneven surveying of species across certain habitats (Rocha-Ortega et
al., 2021; Shirey et al., 2021). In general, researchers tend to favour the study of
terrestrial over marine realms being deep-sea areas especially under-sampled
(Hughes et al., 2021). Moreover, between terrestrial biomes there are uneven
tendencies being tropical biomes under-represented (Newbold et al., 2010;
Meyer et al.,, 2015). There is also a tendency of studies towards freshwater
habitats (Monsarrat et al., 2019; Rocha-Ortega et al., 2021) and protected or

species-rich areas (Sastre & Lobo, 2009; Boakes et al., 2010; Meyer et al., 2015)

All these biases and gaps contribute to an incomplete landscape of the
knowledge of biodiversity, with the consequent potential misinterpretation of
ecological patterns (Yesson et al., 2007; Rodrigues et al., 2022). The current
discrepancy between the realised and extant knowledge in any given aspect of
biodiversity i s defined as o6shortfall é (Whi
Depending on the nature of ignorance about different aspects of biodiversity,
those are classified into seven different and interconnected groups of information
(Hortal et al., 2015). By understanding the spatial structure of the biases and gaps
that make up these shortfalls, we will be able to reconstruct the large-scale

patterns of biodiversity in a fair way (Hughes et al., 2021). Besides, we still need
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a series of methodologies that allow us to evaluate the quality and reliability of

the available biodiversity data.

6. QUALITY CONTROL METHODOLOGIES

The advance of biodiversity knowledge is not only associated with the
acquisition of new data (Sousa-Baena et al., 2013) but also with making the
existing biodiversity data suitable for a broad range of analysis. This implies that
already collected data must be checked for correct labelling, completeness,
consistency, likeliness and data resolution (Chapman, 2005; Yesson et al., 2007,
Chapman et al., 2020; Rodrigues et al., 2022). This uncertainty has to be
controlled by users, who are required to follow best practice guidance (Faith et
al., 2013; Wuest et al., 2019). A proper selection of records, filtering out those
that are dubious or could be inaccurate, ensures that the data selected can

provide reliable inferences. Such a process of selecting adequate records is

known as data cleaning or data curation
of inaccurate, incomplete or unreasonable data improving the quality through

correction of errors and omissionsd by
the 6data quality assessment6 (Chapman

and detection of errors, data validations, applications of filters, standardisations
and harmonisations, and finally error corrections or data deletions (Chapman,
2005; Maitner et al., 2017). All these steps help to establish specific thresholds
of data quality, precision and accuracy (Chapman, 2005; Gueta & Carmel et al.,

2016; Chapman et al., 2020).
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Recently, there has been a rise in the development of data curation tools and
methods simultaneously to the massive accumulation of data and publication of
macroecology studies (Zizka et al., 2019; Jin & Yang, 2020; Grenié et al., 2022).
Even though many of the issues with species occurrence records can be
addressed in multiple ways, data-cleaning processes are time-consuming, hard
to reproduce and scale dependent (Zizka et al., 2020). Some of the limitations in
the data management include the lack of knowledge or misuse of the available
curation processes, which could lead to unwanted effects such as adding noise,
creating artefacts or increasing data uncertainty (Maldonado et al., 2015;
Anderson et al., 2020; Zizka et al., 2020; Wiest et al., 2019). Strikingly, when
proper data filtering processes are applied, it is relatively frequent that
macroecological studies discard a large proportion of occurrences when applying
certain key data cleaning criteria (see, e.g., Gueta & Carmel, 2016; Stropp et al.,
2016; Zizka et al., 2020). This impact on the number of records eliminated adds
up to the current lack of documentation of data cleaning procedures, and to the
quantification of the effect of applying different cleaning steps and certainty
assumptions of the data (Maldonado et al., 2015; Gueta & Carmel, 2016). Most
ecological studies still do not adequately document all the filtering steps followed,
or the code, methods and workflows used (Hampton et al., 2013; Anderson et al.,
2020; Culina et al., 2020). Taken together, these issues stress that a significant
distortion may potentially be created in the observed ecological patterns and the
biodiversity measures published in papers based on biodiversity databases. Yet,
such distortion also varies between taxonomic groups and regions due to the
different availability of records and limited knowledge of some of them (Gueta &

Carmel, 2016; Zizka et al., 2020). If the application of automated validations and
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filters (for large-scale assessments) or manual validations and filters (for reduced
groups of species or small regions) are not described properly, the reproducibility

and transparency of any ecological study are significantly hindered.

The evaluation of ecological and biogeographical knowledge gaps has been
already assessed for several specific taxa and regions (e.g., Freitas et al., 2021;
Menegotto & Rangel, 2018; Sobral-Souza et al., 2021; Stropp et al., 2016). The
available sources of checklists and species occurrences records help to
overcome gaps mainly in described s
geographic distribution (O06Wall acean
2019). Focusing on the latter shortfall, some recent advances have been
proposed to address the geographical biases and limitations of the distributional
information. These are inventory completeness analyses (Hortal & Lobo, 2005,
Lobo et al., 2018), analyses of survey coverage and bias (Kadmon et al., 2003;
Hortal et al., 2008; Ronquillo et al., 2020), maps of ignorance (Rocchini et al.,
2011) and maps of uncertainty (Jansen et al., 2022). Spatial summaries of
completeness offer a strategy to describe where the well-known sites are, and if
those areas are reflecting artefacts, identifying areas with reliable knowledge and
those poorly or incompletely sampled (Hortal & Lobo, 2005; Sousa-Baena et al.,
2013). The integration of inventory completeness, taxonomic quality, survey time
and geographical and environmental coverage of the information can be
integrated to create Maps of Biogeographical Ignorance (MoBIs, Tessarolo et al.,

2021).
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OBJECTIVES

This dissertation aims to assess the data curation processes that are applied to
species occurrence records, and the associated biases and gaps in the
information used for data-driven approaches in macroecology and biogeography.
In addition, it assesses how data curation affects biodiversity measures and the
macroecological inferences extracted from massive repositories, using plants as
the study group. These general objectives are pursued through specific

objectives, addressed in three different chapters, as follows:

1. Chapter 1 provides a comprehensive review of curation methods for
species occurrence records, to offer the basis for synthesising a
standardised workflow of replicable and flexible procedures.

2. Chapter 1 presents an interactive web application that aggregates the
workflow information as a user-friendly tool for the ecology community.

3. Chapter 2 assesses the impact of applying different filters and taxonomical
harmonisation criteria in the description of geographical patterns of
Northern Hemisphere mosses. In particular, this chapter evaluates the
effect of different curation scenarios on:

a. The observed richness and the geographical coverage of well-
surveyed cells.
b. The observed latitudinal gradient of moss species richness.

4. Chapter 3 evaluates the impact of applying filters based on the
biogeographical status and geographical distribution of species on the
representation of their realised bioclimatic niche for all vascular plant

species of the world.
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1. STUDY TAXA

The analyses of this dissertation rely on the information provided by species
occurrence records of plants at large scale. Our knowledge about the diversity of
this group of organisms and the geographical distributions of its species is still
incomplete (Meyer et al., 2016; Stropp et al., 2016; Cornwell et al., 2019).
However, most studies on plant diversity and distributions at large spatial scale
rely on GBIF data, even though this biodiversity information network comprises
only a fifth of the records available (Heberling et al., 2021). Still, the large amount
of existing data from multiple sources (Enquist et al., 2016) shows gaps and
biases affecting the coverage of their information (Meyer et al., 2016, Cornwell et
al., 2019). Some clades are still poorly assessed and their data are irregularly
available and under-sampled, biased towards specific regions out of high-income
countries (Meyer et al., 2015, 2016; Allen et al., 2019; Cornwell et al., 2019,
Hughes et al., 2021). However, the amount of information available in several
repositories of occurrence records and distributional maps makes them valuable
material for evaluating methodological features of biodiversity information and
knowledge. This dissertation includes a separate evaluation of mosses and
vascular plants. Even though both belong to the same kingdom, they present
large differences in their historical use for ecology studies, the age, origin and
quality of occurrence records and the evaluation of their information gaps and
shortfalls (Meyer et al., 2015, 2016; Troudet et al., 2017; Stropp et al., 2016;

Maldonado et al., 2015; Sousa-Baena et al., 2013).

For the second chapter of the dissertation, 5,693 species of mosses from the
Northern Hemisphere were evaluated. Mosses are non-vascular plants that

comprehend the Bryopsida group. They are an example of a limited and poorly
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known group of species (Magill, 2010; Troudet et al., 2017), underrepresented in
public repositories (Cornwell et al., 2019), with important regional gaps in tropical,
subtropical and southern zones due to bryologist origin (Hallingback & Hodgetts
2000; Meyer et al., 2016) and uneven sample events (Mutke & Geffert, 2010;
Chen et al., 2015). Their biogeographical patterns are still uncertain and the
studies about them show contradictory inferences (Shawn et al., 2005; Medina et
al., 2011; Geffert et al., 2013; Chen et al., 2015; Mateo et al., 2016). This biases
our perception of basic biodiversity metrics, such as latitudinal gradient of species
richness. Besides, the taxonomy of mosses is under revision, and reporting a
general trend of synonymisations of formerly accepted species (Magill, 2010). As
a consequence, the established number of species within the group in the world
ranges between ca. 8,000 (Hallingback & Hodgetts, 2000), ca. 9,000 (Magill,

2010) and ca. 13,000 (Croshy et al., 1999).

For the third chapter of this thesis, 268,081 species of terrestrial vascular plants
from 81 orders were used. One of the most important authoritative checklists
(WCVP) established that vascular plants comprehend 342,953 accepted species
(Govaerts et al.,, 2021) and present more available information than mosses,
coupled with a large history of ecological analyses in macroecology and
biogeography (Maldonado et al., 2015; Stropp et al., 2016; Meyer et al., 2016;
Troudet et al., 2017; Feng et al., 2022). The higher knowledge coverage is mostly

due to their economic importance as food or crops (Cornwell et al., 2019).
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2. DATA AND ANALYSES

Each one of the chapters of this dissertation has been developed following
different methods. All analyses and figures were made in RStudio (RStudio
Team, 2021, version 4.1.0) and the scripts of R code are publicly available in their
corresponding repositories along with the data used. Chapter 1 source code is
archived in Zenodo (Ronquillo, Stropp, & Hortal, 2023) and available on GitHub

at https://github.com/cRonFer/OCCUR along with the tables used. The

Ot empNorthBryod dataset us e @ isfacaiablet ith e

digitalCSIC at https://doi.org/10.20350/digitalCSIC/14794, as well as the
shapefiles and R Code on GitHub at
https://github.com/cRonFer/bioDivRecordsAnalyses. Datasets of validated
records by order used in Chapter 3 archived in Figshare at
https://doi.org/10.6084/m9.figshare.26021467.v5 and R scripts are available on

GitHub at https://github.com/cRonFer/ClimaticSpace.

The first chapter presents a workflow derived from a complete literature review
that was transformed into an interactive web application using the Shiny package.
This open-source library offers the possibility of building web applications by
using R code language with a structure divided into the user interface and the
server. To facilitate the comprehension of the workflow of data curation and the

correct web design, the information was classified based on five different modules

(Fig. 1).
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Basis Of Record
The specific nature of the data record
based on the original method of collection

1. Previous filters in download process

2. Location check
Geography

3. Correct / assign coordinates e D
eSS Spatial information of occurrence records

to records without them or
errors from previous validations

4. Outliers check
Time
Presence of a date of collection
in occurrence records and
the definition of temporal ranges

Duplicates
Identical combination of information
in fields associated with various
occurrence records

Figure 1. Structure and definition of the five modules used in OCCUR including a

simplified organisation of the corresponding submodules.

For Chapters 2 and 3, various open-access repositories, databases and
checklists were used. They provide distributional information on species
occurrence records, maps of the distribution of species and taxonomic
information. All of them have been widely used in ecology studies, and they were
created using expert knowledge from multiple institutions and consortiums from

all around the globe (see Table 1).

The work developed in this dissertation is focused on concepts and
methodologies that can alter the information that is finally used in ecological

analyses. Some are related to the taxonomy, a continuously changing science
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Table 1. List of the data sources and tools used in the dissertation by type.

Data
base Source name Description
type
Botanical Cyberinfrastructure that comprehends a network of cleaned botanical
Information and Ecology | data from vegetation censuses, botanical surveys, and specimen
Network (BIEN) records from herbaria collections around the World. It provides a global
(bien.nceas.ucsb.edu/bien) | permanent repository of digitized information from all U.S.
Consortium of Network of plant biodiversity data for mosses, liverworts, and hornworts
g Bryophyte Herbaria specimen records from around the world. Originally focused on North
'% (CNABH) American herbaria, it includes personal collections and research
c (bryophyteportal.org/portal) | observations.
S I . Data infrastructure established by the world's governments in 2001 as
© Global Biodiversity : . g Lo : :
- : - an international network for biodiversity information. Provides open
= Information Facility . : i
- (GBIF) access to data about all types of life on Earth using the Darwin Core.
g (www.gbif.org) Contains the largest amount of species occurrences with more than 3
o -gbit-org billion records.
= Integrated Digitized U.S. national resource for digitised specimens from museums and
.‘é Biocollections (iDigBio) | academic institutions about natural history. It is a cloud infrastructure
1% (www.idigbio.org) that links the biological data from collections.
e An international programme that makes available digitised data of the
Plants of the World wor I _d 6s flor a source d f r_o(}_ﬁew_)tlmr:Md_esR
. information on taxonomy, identification, images, distribution, traits,
Online (POWO) . L
(powo.science kew.org) threat status, and molecular phylogenies of more than 1.4 million
' ' ' vascular plant names. Provides distributional maps generated from the
level 3 TDWG geographical codes.
Integrative synthetic classification of names based on the information
GBIF Backbone ;
from 105 different resources. Includes names from nomenclators and
Taxonomy e .
. external sources. The Catalogue of Life is the primary one that
GBIF Secretariat (2023) . . -
structures the higher classification above families.
Name RTeasxoolrl]?iomr:CService A tool for standardising plant scientific names consulting one or more
(TNRS) authoritative public taxonomic sources (WFO, WCVP, CACT) (Boyle et
(tnrs.biendata.org) al,, 2021).
g A deprecated working list of all known vascular plants and bryophytes
= . static since 2013. Contains more than a million scientific plant names
© The Plant List (TPL) : . . .
c (wioplantlist.org) with ca. 350,000 accepted. It was the starting point for the Taxonomic
5 ' Backbone of the WFO in collaboration with the Royal Kew and Missouri
= Botanical Gardens.
% M|550Uf|Botamcal One of the worl dbés | argest b mduag
o Garden's Tropicos - . - . .
© database (TROPICOS) over 1.4 million names. Combines floristic projects worldwide such as
= . Flora of North America, Flora of China and Flora Mesoamericana.
o (www.tropicos.org)
g Taxonomic compilation of all known vascular plants based on the
) World Checklist of nomenclatural data provided by the International Plant Name Index
[ Vascular Plants (WCVP) | (IPNI) over the last four decades. Their last published version was
(Govaerts et al., 2021) established in 2021 including almost 1.4 million plant names, with ca.
350,000 accepted species. It serves as the taxonomic index to POWO.
Open-accessandweb-based compendium of th
(vascular and bryophytes) from an international project initiative of the
World Flora Online (WFO) | Global Strategy for Plant Conservation. Aggregates the information from
(www.worldfloraonline.org) | 52 botanic gardens and botanical institutes represented on the World
Flora Online Council. Includes more than 70,000 bryophyte names
around 15,000 of them accepted.
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with | arge disagreements, i nconsi stenci

(Lepage et al., 2014; McClure et al., 2020; Feng et al., 2022). The human-based

designation of wha't a species is (O6species

quantify other biodiversity metrics (richness) and consequently establishes the
ecological and conservation patterns (Lepage et al., 2014; Feng et al., 2022).
However, there is a latent misuse in the application of taxonomy in occurrence
data, and the associated nomenclatural problems compromise the utility of data

(Jansen & Dengler, 2010; Rodrigues et al., 2022).

One of the most significant obstacles in plant sciences is the deficiency of
taxonomical standardisation procedures, with necessary updates of the
taxonomic community that help to establish the relationships between species
concepts (Enquist et al., 2016). For this reason, the curation process of any
compilation and integration of data requires the harmonisation and
standardisation of scientific names included in the used datasets (Anderson et
al., 2020; Grenié et al., 2022). There are multiple checklists and backbones
available to correct and manage the relationships between scientific names from
different sources, where one name in a dataset can correspond to many names
in another dataset, or many names can correspond to many different names in
other sources of information. Unfortunately, not all of these checklists are
compatible and maintained adequately. Each source of taxonomic information
defines concepts and taxonomic status, which can result in that they contain
different accepted names for the same taxon. Other published names can be
gualified as synonyms according to expert criteria and they are linked to an
accepted name (61 egi ti ma tienotsayaiable i rhe

literature consulted, no type specimen exists or they cannot be assigned to a
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synonym, t heir status can be
2022; Govaerts et al., 2021; Turland, 2019). In this dissertation, we used six of
the most important checklists, which are largely used for macroecological studies
(Table 1). For the second chapter, we make a comparison between five
authoritative checklists regarding their level of agreement in defining the
taxonomic species concepts. For this reason, we developed a taxonomic
consensus checklist in which only names accepted in most of the checklists are
then included in our analyses (see Figure 2). That allows us to evaluate

taxonomical variations in the observed richness, that is, increases, decreases or

no difference in the number of species observed.

Checklist 1 3 B B
Initial Speci Validated Potential
GELR SRS Taxanomical Status a.l ate scenario
Name Species Name 1
A Unresclved Name
B Accepted Name B Concensus 2
C Accepted Name C 1 1
D Synonym [ 2 3 +
Species Richness after harmonisation = 2 3 1
Species checklist Checklist 2: ‘Splitters” Species checklist Potential
of the initial Initial Species . Validated using a taxonomical scenario
dataset Taxonomical Status q CONSensus
Name Species Name
p ies B
Species A A Accepted Name A Species E— 3
Species B B Accepted Name B > Species C .
1 2
Species C . C Accepted Name C Species D .
2 3 =
Species D . D Accepted Name D Species Richness = 3 .
: N _ Species Richness after harmonisation = 4 3 1
Species Richness =
4
Checklist 3: ‘Lumpers’ Potential
iti: i i scenario
Initial Species Taxonomical Status Va!ldated 2
Name Species Name
A Synonym D Consensus 1
B Synonym D 1 1 _
C Synonym D . -
2 2 +
D Accepted Name D
Species Richness after harmonisation = 1 J 3 1 = /

Figure 2. Scheme of the compilation of a consensus checklist based on three
hypothetical authoritative checklists. Variations in species richness can be
negative (pink) if the number of observed richness of a given scenario is lower
using the authoritative checklist than the consensus one; otherwise, the variation

would be positive (green) or equal if both checklists show the same value (white).
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Another methodology used in Chapter 2 assesses the uneven distribution of the
information due to the historically different survey effort biases of the collectors.
This assessment is performed through species accumulation curves (SACs) that
relates the number of species added to an inventory in an area based on the
number of sampling events. It predicts the total number of species by
extrapolating the curve to its asymptote so the slower the slope, the more
infrequent to register new unknown species (Hortal & Lobo, 2005). The values of
i nventory completeness6, which ranges fror
unit is to contain information on all the existing species, with one indicating a
complete inventory. This metric allows us to identify where well-sampled cells are
located in a given region. For this dissertation, this metric was calculated with
60knowBRO R | iwidelyaused in mamhecotogicalistadies to define well-
sampled areas (Lobo et al., 2018). The analysis of the ecological impact of the
curation scenarios in Chapter 2 relies on variations of richness in the latitudinal
gradients. To perform the comparisons of these relationships we use piecewise
linear regressions (Ulm, 1991; Muggeo, 2008). This test delineates different
trends in the correlation between variables that can be segmented into pieces
defining one or multiple breakpoints that serve as a proxy to calculate at what

latitude the peaks of richness present their maximum value.

To evaluate changes in the representation of bioclimatic niches (Chapter 3),
bioclimatic spaces were created using Principal Component Analysis (PCA), an
ordination technique to reduce the multidimensional space derived from the
occupied geographic space (Broennimann et al. 2012). Here, the PCA axes
selected comprehends the information of the 19 bioclimatic variables from

CHELSA and the aridity index (Brun et al., 2022; Karger et al.,, 2018). The
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bioclimatic space was binned by dividing the PCA axes values into equal-area
cell s. These bins correspond t o di fferent
classification of the entire environment available (Guisan et al. 2014; Coelho et

al., 2023).
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Chapter 1

1. ABSTRACT

Ecology increasingly relies on a massive volume of biodiversity occurrence
records to draw insights into large-scale biogeographical, ecological and
evolutionary phenomena. This often involves defining a set of criteria that guides
the collection, filtering, and standardising of available records. These curation
processes are often neither described in detail nor well documented. This
hampers the comparability and reproducibility of studies and thus undermines the
robustness of any ecological result. Yet, to date, there is no guide providing a

friendly way to reason and document a complete data curation process.

We reviewed the available literature on data curation, including tools such as R
packages and workflows. From this assessment, we created a complete guide
organised into five modules that allows users to consciously select and validate
occurrence records based on these curation criteria. This is presented in the user-
friendly Shiny R OCCUR application, available at

https://ecoinformatic.shinyapps.io/OCCURY/.

OCCUR application provides a guide for researchers to deal with the trade-off
between data certainty and coverage generated in each data curation step. An
interactive graph of these changes is provided within each module. OCCUR also
produces a custom-made final report including all steps used for data filtering.
This report helps to streamline the writing of the methods section of manuscripts
and technical reports, thus promoting the reproducibility of data curation

processes.

This Shiny application provides an interactive overview of the data curation

methods and their use for handling occurrence records from public repositories.
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It brings together the taxonomic, temporal and spatial dimensions of data and
also the identification of duplicates of the records. OCCUR can be applied for
multiple purposes, such as teaching R to ecologists or enhancing reproducibility

of macroecology and biogeography.

2. INTRODUCTION

The availability of massive biodiversity data provides an important opportunity
to bridge the gap between local (field-based) and macroecological research,
ameliorating the biodiversity information shortfalls (Hortal et al., 2015). Datasets
on the distribution of biodiversity are the result of a large aggregation of records
of species occurrence from multiple sources such as field surveys, scientific
literature, natural history collections, or citizen science (Kelling et al., 2009). Each
of these datasets presents its own intrinsic characteristics (i.e. data format and
structure) due to their different designs, data collection schemes and purposes
(Feng et al., 2022). In order to deal with the heterogeneity and potential errors of
records included in public repositories, researchers need to process, standardise,

filter and clean the data to obtain a dataset that fits their analyses.

This data curation process relies on threshold-based methods (Arlé et al., 2021)
that result in a trade-off between coverage and data quality: increasing certainty
(as accuracy and precision) regarding taxonomic information, place or date of
collection of occurrence records inevitably compromises data coverage (Meyer
et al., 2016). That is, the more stringent the selection is, the lower is the number
of records that are finally selected, and thus the lower is the coverage of

biodiversity variations they provide.
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In the last decades, multiple workflows and tools (e.g., R packages) have been
emerged to facilitate the curation of occurrence record (e.g., Jin & Yang, 2020).
While most of these tools address on geographical errors and inaccuracies (e.g.,
Zizka et al., 2019), a growing humber have expanded their scope to deal with
temporal (e.g., Tessarolo et al., 2017) and taxonomic issues (e.g., Grenié et al.,
2022). Yet, little detail on data curation procedures is provided in many published
papers using occurrence records from biodiversity databases. Such
heterogeneity and poor reporting of data selection steps prevent from tracking
the entire curation process, thus compromising the reproducibility of studies
(Wigcuart et al., 2022). However, to date, there has been no comprehensive
review that guides researchers through all the information required for data
curation, and the large array of modules and strategies already available to

assess different aspects of data quality.

Here, we aim to present OCCUR Shiny R application, a working guide that
includes the necessary methodology to process species occurrence records for

ecological studies.

3. MATERIALS & METHODS

To develop OCCUR, we started by taking stock of the published literature on
data cleaning, and standardised data management workflows and R packages
used to handle occurrence records (Supporting information Appendix S1). Then
all the compiled procedures were assigned to one of five categories: Basis of
Record, Taxonomy, Geography, Time, and identification of duplicates (Table 1).
These categories served as the basis for defining the individual modules that

integrate the steps necessary to manage occurrence data. Each of the five
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modules is accompanied by a decision table that describes the pros and cons to
be considered at each selected step. A selection of tools and methods (R
packages and web services) are indicated in each step as a guide to proceed.
Some examples of R code are also included, so they can be copied and executed
locally (detailed information of each module in Supporting information Tables S1i
S5) . OCCUR has been developed wusing R cod:i
(Chang et al., 2022). See Figure 1 for an overview of the application with the

organisation of the tables.

4. RESULTS

OCCUR is an interactive user-friendly guide that allows users to select and
follow a complete sequence of steps to curate their data. This Shiny application
provides an overview of the available methods and R functions and their
associated bibliography. OCCUR also highlights the pros and cons associated
with each selection step and how the decisions taken in each of these steps affect
the coverage and certainty of the resultant dataset. Finally, it creates a
standardised and replicable report that helps with the documentation of data

curation, thus enabling the reproducibility of the methods used.

OCCUR includes guesstimates of how the certainty and coverage of data are
affected by each selection (Fig.1 Tab9). Here, data certainty refers to the
reliability associated with the selected records, according to the accuracy and
precision of the available information (Meyer et al., 2016). Data coverage refers
to the general amount of occurrence records available on public repositories and

biodiversity databases that fulfil certain criteria and remain selected after their
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application. Both the assessment of certainty and coverage should be conducted
for each particular dataset after all filters are applied, so OCCUR cannot quantify
their final values. Rather, it provides a general assessment of how the finally
selected dataset may rank in these two aspects if a particular filtering option is
chosen, based on the information from the published sources consulted for each
selection step. In general terms, data coverage diminishes with increasingly
stringent filters (Feeley & Silman, 2010), while data certainty typically increases
when applying increasingly strict filters (Meyer et al., 2016) (Fig. 2). As an
exception, identifying duplicate records with strict criteria (more fields considered)
leads to losing less data coverage than identifying duplicate records using a few
fields. This latter option can delete records that are not real duplicates, but share

the same information in the assessed fields.

These two guesstimates were compiled separately for each module (and each
geographic submodule independently), after ranking all the options included in
each step in four levels, ranking from minimum to maximum certainty, and data
coverage. These ranks were set according to the references included in the
Ot r-rafdfe 6 tabl e tab, hel ping t he vi sual i sa
progressively stricter filters. So, for example, if one step offers four different
options, we divided both certainty and data coverage guesstimates into four
consecutive ranks, separated by 0.25 intervals in the bars just for the sake of
representation. Then, the option ranked as the lowest strict will have a value of

0.25 and each immediately superior option in the rank will sum 0.25.
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Table 1. Structure of modules of OCCUR. Simplified organisation of the corresponding
submodules with their main references of the information included.

Module Filters References
Basis of Record I(:zeonlgg) et cl
J]Ze dzr,z:?gfo?gtg;esgg Select one or multiple types of Basis of Record to filter (e.g., | Shirey et al.
o Preserved Specimens and Observations) (2021)
on the original Speed et al
method of collection P '
(2018)
Download all records from higher
. taxonomic level
1. Options  to - -
e ieEE] [ Cregte a list of' species from
previous taxonomical knowledge
Taxonomy and query databases.
Every aspect of the . Checklist Type .
harmonisation in ié;gzzsee taxonoml(f:;lrl Spatial coverage (Gzroeznzl? et al
nomenclatur_al and A [ .y Taxonomical coverage Ribeiro et al.
taxonomical Type of matching 2022

standardisation of
occurrence records

3. Filters based on

Is the record identified at a proper
taxonomic rank?

taxonomical
information included

Does the scientific name have
authorship information?

4. Query species names with taxonomical database and

check taxonomical statu

S

Onl vy records w

coordinate issues'

1. Download of records

Only records with coordinates

Park et al. (2022)

selection based on | filtered by spatial extent (area or | Ripeiro et al.
previous filters administrative units) 2022
Only records with coordinates Robertson et al.
Geography Do not apply previous filter 2016
Spatial information of 1. Check and filter based on | Serra-Diaz et al.
occurrence records 2 Location check coordinates precision. (2017)
: 2. Check coordinates value. Vandepitte et al.
3. Check position of coordinates. | (2015)
3. Correct / assign coordinates of records without them or | Zizka et al.
errors from previous validations. (2019)
4. Outliers check (Based on the location or environmental
conditions)
Time 1. Choose level of temporal | Meyer et al.
Presence of adata | 1. Apply temporal filter | information (2016)
of collection in 2. Set range of information Stropp et al
occurrence records (2016)

and the definition
of temporal ranges

2. No temporal filter

Tessarolo et al.
(2017)

Duplicate records
Identical
combination of
information in
fields associated
with various
occurrence records

Position

Time

Recorder Name

Zizka
(2019)

et al
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In order to validate records geographically, the user may choose what type of data Trade-of
needs before download (this step can also be taken after the download process by
filtering the dataset) Pros Cons

Choose between: 5

O Do not apply previous filters

@® Only records with coordinates

O Only records with coordinates filtered by spatial extent (area or administrative units)
O Only records without known coordinate issues

Your selection:

Figure 1. Overview of OCCUR Shiny application. [1] main tab presenting the five

modules; [2] sections tab within each module; [3] final report tab; [4] list of
references used; [5] box of filter-oddlbecti o
table, [7] methods information and [8] examples of R Code (including a copy

button); [9] bar plot of certainty and data coverage guesstimates associated to

the current selection in Box 5; and [10] box summarising the current selection in

Box 5.

""" ! Figure 2. Variation in
i data coverage and data
certainty with the

increasing strictness of

the filters selected,

e emmnsemmnasman s amne s aman s am—n s amn.om—n

DATA CERTAINTY

according to our

guesstimates based on

the published literature.

DATA COVERAGE

Blue, red and yellow
colours represent

| different types of records

that fulfil certain filters

and remain selected

after their application.
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5. DISCUSSION

OCCUR has been created as a tool to guide the curation of biodiversity
occurrence records. Therefore, it not only provides a resource for the scientific
community, particularly macroecologists and biogeographers, but also serves as
a teaching guide for ecologists and ecoinformatics working on biodiversity big
data. OCCUR includes references, and examples of methods and R code ready
to copy and run locally, which can help beginners and speed up the work of more
experienced ecologists, providing also a standard for reporting data curation
processes. The aim of this new application is to guide the user through every
module and help them considering multiple options that were compiled from the
available literature, thereby ensuring that all available options and filters are taken
into account. Finally, OCCURGOGSspemsanalisedst r engt
final report that will help the writing of methods section of manuscripts and
technical reports, thereby fostering standardized and reproducible data curation

practices.
Information included in each module
Module 1: Basis of record

Basis of record describes the nature of the record based on the type of evidence
they provide about the original method of collection (Wieczorek et al., 2012).
Records may come from, in increasing order of certainty: citizen science,
technical reports, scientific papers or specimens in natural history collections i
which may be revised and updated over time (Speed et al., 2018; Shirey et al.,
2021). Estimates of certainty associated with this information go from the

minimum of accepting all kinds of records to the most stringent filter of selecting
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only preserved specimens. However, in the Shiny application we assumed similar
data certainty for preserved specimens, observations or other database records.
This is due to the trade-off between taxonomical and geographical certainty, as
the specimens currently preserved in natural history collections typically present
more taxonomic certainty but less geographical certainty than observations, and
vice-versa (Speed et al., 2018). However, estimates of data coverage change as
selecting only preserved specimens typically results in smaller proportions of the
initial records. Filtering by observations, on the contrary, provides a higher
proportion of records, and the combination of all types of records maximises data

coverage (Speed et al., 2018; Shirey et al., 2021).

Module 2: Taxonomy

This module covers every aspect of the nomenclatural and taxonomical
harmonisation and standardisation of occurrence records, and is organised into
four topics (submodules) (Table 1). This process of taxonomic validation and
harmonisation is needed due to divergences and inconsistencies in the
identification and description of species entities between databases (Freitas et
al., 2020; Grenié et al., 2022). Meyer et al. (2016) defined taxonomic uncertainty
as the credibility of scientific names considering synonymizations or valid
identities. Following this statement, certainty estimates increase if taxonomic rank
is appropriate, the status corresponds to accepted species, and original scientific
names include authorship information. Considering unresolved scientific names
or the absence of authorship would decrease the certainty of records. The
specifications used to download records are also important here. Creating a

previous list of species hames to download occurrence records increases the
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taxonomic certainty but may return a lower number of records (thus reduced data
coverage) compared to downloading all the information from a higher level (e.g.,
family, phylum) altogether. This variation in the data coverage stems from
differences in scientific names of accepted/valid species and synonyms among
species checklists that uploaded to public repositories, such as the GBIF. Finally,
using an d6éexactd string matching (see Greni
harmonisation would retain more certainty of taxonomic information while

retrieving less data due to the potential existence of typos.
Module 3: Geography

Due to its complexity, the geographic validation module is organised into four
sub-modules and is based on the spatial information of the occurrence records
(Table 1). The first submodule is related to download and how to filter data to
avoid specific spatial issues. The second submodule is focused on the
information of geographic coordinates and their precision in the location of the
original observations. It is widely known that the latitude and longitude assigned
to many occurrence records may not correspond to their actual location (Yesson
et al., 2007; Zizka et al., 2019). Consequently, many R functions and methods
have been developed to fix this issue (Grenié et al., 2022; Ribeiro et al., 2022;
Zizka et al., 2019), providing multiple options that, ideally, should be applied
following a certain order and be explained in detail in methods sections. The third
submodule reviews the possible solutions that the user can develop to correct
coordinate errors from previous validations. These processes of assigning and
correcting coordinates are not always recommendable, and they may be applied

only when data settings and study characteristics will generate more advantages
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than skipping those steps. The last submodule corresponds to the examination
and eventual validation of outliers, and it is based on the distributional information
of the species (native range or spatial extension) or the environmental range or
values that this species occupies. Outliers must not be arbitrarily removed from
the data without evidence that they actually resulted from an error (Park et al.,
2022). Geographic estimates of certainty and data coverage are calculated

individually for each of the created sub-modules.

Module 4: Time

The temporal validation module is based on the presence of a date of collection
in occurrence records and the definition of temporal ranges to create subsets of
data for ecological analyses. We followed the idea that progressively older data
are less reliable due to the temporal degradation of the information they provide
(Ladle & Hortal, 2013; Meyer et al., 2016; Tessarolo et al., 2017). We also
considered how complete the recorded date of collection is. That is, occurrence
records that include day, month, and year of collection present more certainty
than those that only include part of the event date, such as year or month.
Besides, restricting records that were recorded within a time interval increases
data certainty, but larger time intervals capture a larger quantity of records (Meyer
et al., 2016; Tessarolo et al., 2017). If no time interval is applied within a dataset,
maximum data coverage would be captured but at the cost of minimum data
certainty. On the contrary, a stringent scenario in which only records with a
complete date of collection from a defined time interval are selected decreases
data coverage while increasing certainty. This is the case when the year of

collection matches the time range of the climate or socioeconomic predictors that
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are later used for the analyses (e.g., 1970-2000 for WorldClim 2.1). All possible

combinations and changes in certainty and coverage are included in OCCUR.

Module 5: Duplicate records

The final module accounts for duplicate information, one of the main issues of
using occurrence records from public repositories (Feng et al., 2022; Park et al.,
2022). This problem increases when researchers combine multiple repositories
to create their datasets due to duplicities published in various sources (Chapman,
2005). The deletion of duplicate information is not always recommended, but it
should be flagged, and their definition depends on each analysis (Chapman,
2005). We set the detection of duplicate records as a combination of multiple
fields in addition to Ospecies name
categories: (a) position information (as coordinate values, cell location, or
coordinate values rounded/buffered, less precision); (b) time information (as date
of collection for maximum precision available or only as year of collection for less
certainty); and (c) if recorder information is included (maximum certainty). Here,
data certainty is related to the fields that are considered by the user and their

different utility to identify duplicates.

Advantages and limitations of OCCUR Application compared to other

tools

OCCUR offers a complete sequence of methodological steps using a large set
of tools and procedures already available in the literature (Table 1). The main
benefit of using this Shiny application is that it condenses all this amount of
information from scientific papers, technical reports, and software manuals into a

user-friendly guide that helps researchers to deal with data curation in an
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interactive (and intuitive) way. OCCUR includes a full track of cleaning and
standardising steps, considering the variability in data methods among studies.
This is crucial to help potential users apply a wide variety of methods without the
need to look for references one by one. It is also valuable that a report of curation
methods is obtained after their selection when using this application. This is key
to enhance the standard practise of writing curation methods of records in
ecological manuscripts.

A novel feature of OCCUR is the display of a dynamic bar graph showing how
certainty and data coverage could change depending on the selected step to
apply. This may help users to visualize the trade-off of each selection, and then
they will make informed decisions according to the specific curation scenario.
OCCUR also allows users to consider several solutions in each step, allowing
them to select the one that best fits their practical skills (e.g., programming
language) and level of expertise. It also combines manual and automated
methods because of the variability intrinsic to each study case (national, regional,
or global resolution analyses and size of datasets).

Users need to choose the method that best fits their work from dozens of
available options, which may be outdated, no longer maintained or removed from
their repositories. Thus, OCCUR shows a wide variety of alternative methods
rather than providing a unique methodological response, and it is designed to
make future additions as new methods and functions become available. Besides,
users can look for the newest alternative methods and readily incorporate them
into the data curation protocol provided by OCCUR. That is an advantage from
former workflows such as, e.g., Jin & Yang (2020), where the taxonomy is

standardised using the Plant List (TPL; TaxonStand), outdated since 2013.
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One of the limitations of OCCUR is that most of the steps are closely related to
the presence of certain fields in the datasets. The use of standard terms for
occurrence records is not mandatory but highly recommended, and this
application is based on terms of the Darwin Core, the standard for GBIF
(Wieczorek et al., 2012). Users may need to make upfront data harmonisation
and integration of the fields, if their data comes from other sources of information
(e.g., iDigBio, BIEN, Paleobiology Database, Neotoma) or compilations of

different sources (Wicquart et al., 2022).

Applications and case studies

Ecologists need a data-driven approach for large spatial and temporal scale
studies (Kelling et al., 2009), as they use information on biodiversity records for
di fferent purposes such as mapping
species distribution models and niche analyses, inferring the diversity and
composition of assemblages along geographic gradients, assessing data
shortfalls, among others. The protocols implemented in OCCUR application have
already been applied to clean and filter bryophyte records from public repositories
(Ronquillo et al., 2023) and other unpublished macroecology and biogeography
study cases (see Supporting information Table S6 and Appendix S2). Each of
these studies had distinct objectives and target taxa, which required the
application of variety of the steps and filters. The initial volume of data to clean
also diverged between these studies, but despite these differences, OCCUR
application was consistently helpful in selecting the steps to manage occurrence

data following a repeatable standardised protocol.
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7. SUPPORTING INFORMATION

Table S1. Choices for data filtering

specify the nature of the record. Pros and Cons list potential advantages and
disadvantages of filtering records of preserved specimens, observations; values

of data coverage (DC) and certainty of data (C) range from O to 1.

Filter

Do not apply filter

(7]
c
[}
S
©
(]
o
N
©
3}
&
o
(7]
=
o

Select

one type
7]
[
o
<
2
I}
[72]
o]
(@)
Preserved
Select
Specimens
multiple

and

types

Observations

Pros

fincludes machine
observations,
literature records,
material sample,
fossils or unknown
basis of records.

TKeeps all the
available information
for afterwards filters.

T Allows material
verification for correct
and update taxonomic
identification [2, 5].

fincludes a larger
number of rare
species than
observations [2].

1 Selects more reliable
records usually
collected by experts
and researchers [5].

f'Records collected
more recently [2, 3].

1 Selects a higher
number of records [2,
3].

1 Presents wider
geographical range
[2].

T Presents often a
higher geographical
precision (usually take
with GPS) [5].

flincrease temporal,
spatial, taxonomical
and environmental
coverage [2].

Cons DC

fKeeps records with an
unknown nature of
collection are less reliable. 1
fNeeds more filter/clean
processing, increasing time
of manipulation.

fMay include coordinates of
museums, institutions, etc.
instead of the real
coordinates of collection [1]
or administrative units [5].

Keeps older records than
observations, which may
present less geographical
precision [2, 3].

fMay lead to a small number
of records available [2].

0.25

1 Selects records with
potential misidentifications
[5] due to collection from
amateurs.

1 Selects records that usually
correspond to common
species [2] and easily to
observe and identify taxa
[4].

fMay include records
outside of their species
range (invasive, domestic,
horticultural or introduced
species) [2].

fiSelects records biased
toward human areas [3, 4].

0.5

fMay include records
outside of their species
range (invasive, domestic,
horticultural or introduced
species) [2].

fMay include coordinates of
museums, institutions, etc.
instead of the real
coordinates of collection [1]
or administrative units [5].

0.75

0.25

0.5

0.5

0.75

88




Chapter 1
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Table S2. Continuation.
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Table S3. Choi ng
nature of the record. Methods provides some examples of tools to apply the filter. Pros

ces for data filterdi of

and Cons list potential advantages and disadvantages; values of data coverage (DC)

and certainty of data (C) range from 0 to 1.
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Table S3. Continuation.
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3 fDiscards records
%) with low
© .
o geographical
o precision and
= potential location
; errors.
S fincreases
x 7ls less restrictivbe. geographical
4] i filtar ; fincreases number uncertainty.
6 ¢. Skip filtering by coordinates of records when few | fIncludes 0.33 -
precision.
o recqrds are records_ fgr
available. from original
location.
— a) Latitude
%) and
-g e 6 C rdinatecCl ne|
o present the 0&00 ate eane
o exact same
] value
= b) fReduces
g Coordinates available
° are out of a information
g reliable fddc::bdc_coordinates_outOfRanged| fExcludes unreliable that can be 0.15 | 0.33
T g | range: [18] records. repaired ' '
I g Latitude > |q&Coordi nateCl dldner manually
S ©|90-90 and using locality
3 ® | Longitude > information.
S 21 180/-180
g-,% c) Latitude
‘g"g or longitude
5 9 values 6CoordinateCl eance|
S o | equals to
8§ zero.
= = fLabels records and
2 o| d) Skip this correct manually 1]Inc|uc_ies 0.33
O 2| step coordinates using unreliable ' i
c o . ds.
N @ locality information. recor
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Table S3. Continuation.

Process/ Filter | Methods | Pros Cons |DC| C
2. Location check
q T o T Excludes unreliable
= g = records.
% g c::s f€oordi nat eCl ear ﬂLabeIfsrzeg:oizds_placed ﬂRed_luceI:s
5% 5 [17]. out of their abitat and avai abg
S = fiddc::bdc_coordinates_country calculate dl.stance information
= . . = from coastline. that can be
o _inconsistentd6 [ 18] . di repaired
o -8 fIPerforms point in polygon Y Corrects coordinates p
Qe f . values placed nearby manually
= = unction over study area 3 : "
<5 E shapefile. the country assigned using locality
o at certain distance. information.
~8 O (Use
51 @ @lantR::checkShored )
- 9Is prone to
o % errors due to
<o fddc::bdc_country_from_coordi incorrect
: ag natesd and country
8 3 g dodc::bdc_country_standardize | fldentifies location names.
I § © do [ 18] . errors due to signs of | YRecords
c = > f&oordinateCleaner::cc_cound coordinates. located
© 5 c [17]. T Excludes unreliable nearby
o S 8 fPerform point in polygon records. country
8 o 3 function using countries borders or
— g < shapefile from GADM. with low
o ~c precision can
c o= be deleted. 0.15 | 0.33
-g s> T Check country borders
7 - ‘E ( ptantR:: checkBordersoé ) .
8_ 2 % § ﬂ\?a\:\lliléc;r;ecoordlnates il 1 Identifies location
—5 S .o docd::bdc_coordinates_transpo igc?rrjir?;ti;o S e fincreases
g S£S sedo . T Identifies re;:ords time of
O S = fChange sign of latitude and/or | manipulation.
@ > . . ocated nearby
o R R-R= Iongnude and vahdate [1]. country borders.
O 6 8.2 | fCheck if has locality
~983 description and retrieve
©c=-92® coordinates with gazeteers.
c = T Downscale to regional / state /
- % province / locality
8 S administrative unit and check fIncreases
sy location with point in polygon time of
% 5 function. 1 ldentifies location manipulation.
T f'Change sign of longitude in errors at a finer fNeeds
o ® countries nearby longitude = 0. resolution due to regional
3 2 f'Change sign of latitude in signs errors in name string
<@ A countries nearby Equator. coordinates. information
8 £ = 1 Switch coordinates and to match
SEE validate names.
~C O docd::bdc_coordinates_transpo
© e sedd .
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Table S3. Continuation.

Process/ Filter |  Methods | Pros Cons IDC| C
2. Location check
= f6Coordinat
n Country or cc_capbd.
g capital f6Coordinat
g cc_cend [1
c
& 7 Check collection
o methods to identify if
© records were
a collected following a
ko Grid study sample grid. Identifies potential error
= fCheck Artificial of location due to artificial
g Hotspot Occurrence | aggregates of specimens
n| © Inventory (AHOI) around geopolitical
Qo 8 [22]. centroids [22]. fReduces available
g @ Match and filter T Helps to discard records information that can
= = records using with gec_;graphlcal be repaired .
hd s coordinates from uncertainty. manually using
8 < GeoNames or 1 Detects locality or locality information.
o o : gazeteers. province centroids may flIncreases time of 0.15 | 0.33
S8 Loty an | o pl ant R: : v| beahighly strictfilter, manipulation.
= & Province [21]. recommended in regional | fincreases difficulties
o 5 fCheck Artificial local studies. for.(jeltectlng some
= = Hotspot Occurrence T Excludes records from artificial coordinates
2 e Inventory (AHOI) places that contains [22].
ol 8 [22]. captured/cultivated
~ = Geographic specimens and wrong
31 B | collector T6Coordinat references to GBIF
- o places cc_instao. institution.
O @ (museums, f&oordinateCleaner::
™| 2 | gardens, cc_gbifao.
= GBIF f6Coordinat
o headquarter cc_urbdé [1
Q S, Z00's, | fCheck Artificial
@ GBIF Hotspot Occurrence
S | headquarter Inventory (AHOI)
< S, urban [22].
areas).
flincreases the number of ﬂlnCIUdeS. unreha_ble
f) Skip this step records when a few are records Increasing 0.33 -
available. geographlcal
uncertainty.
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Table S3. Continuation.

Process/ Filter |

Methods

Pros

Cons

IDC| C

3.Correct / assign coordinates of records without them or errors from previous

validations.

a) Retrieve
coordinates
indicated in other

diogeo::dmsparsed
+ bdogeo:

flincreases the
number of records

flincreases time of
manipulation.
fINeeds semi-

f [19] to obtain | when afew are automatic/manual check | 0.2 | 0.7
ormats from : . X
; decimal available. through dataset to find 5 5
other fields as : . . A
locality coordinates  from | Feasible with small degreesdé inf
information. degrees. datasets. fINot recommended for
large datasets.
flincreases time of
T Retrieve centroid manipulation.

b) Use locality coordinates from fUses locality centroids,
information or gazeteers using flincreases the which present low
position locality name. number of records geographic precision.
description to Retrieve when a few are fINot recommended for
generate coordinates available. large datasets.
coordinates. (Do manually from fFeasible with small | fUses locality names, 07
not apply if GoogleEarth / datasets. which are not 5 |05

records with
coordinates
placed in
centroids were
deleted
previously)

Google Maps or
using

6bi ogeo:

t H1®].
fiddc::bdc_coordin
ates_from_locality
6 [18].

flUseful for studies
that analyse higher
administrative units
than those used to
retrieve centroids.

standardised and can be
written in multiple
languages.

fiCan lead into incorrect
coordinates due to
duplicated names of
localities that exist in
different locations.

c) Do not correct
coordinate values

TAvoids assign
centroids or
coordinates with
low precision that
add uncertainty.

fDiscards multiple
records when a few are
available.
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Table S3. Continuation.

4. Outliers check (Filter records based on the location in native regions of the

outliers

not referenced in
bibliography.

misidentifications.

species or optimal environment conditions)

Process/ Filter Methods Pros Cons DC| C
.. Apply  point in

P .

3 Egilzgor:an ;ur;ggog T Excludes records
2 | @Do coordinates shap?efilesg P 1 Identifies and due to incorrect
2 overllap with the 6Co o r.d i nat excludes species maps, na_tural

o | species native “cc iucnbd misidentifications. changes in

a range / extent of 6 Coordina fKeeps only records gfeograp_hlc
g presence? “cc @Mt 6 located in the native _dlstrlbutlon or
O 6BRacat u<wb regio_n of the introduced areas. 025 | 05
2' package [23]. species. TMay _be_ too
QL String match  of TAvoids _— restrictive.
g _ fields information overestimation of 1 Incre.ases.tlme of

o | b)Does location (Country or smaller ranges and manipulation.
= | information adminigrative unit) environmental TAdministrative unit

€ | match with their X - niches of species. names can change
o : O with species P : 9
5 native region® checklists (global or through time.
2 regional).

17 fLess restrictive.
° T Keeps records
2 | c)Do not apply a Iocated out of the
= filter for natlvg region of the fIncludes 05
T | distributional Species. . . misidentifications. ' )
< outliers fIincludes qurmatlon
S of new locations not
.LEL referenced in

bibliography.
a)Calculate env.
o centroids for the | See methods in[13].
8 species and
= validate outliers.
U_ b)Calculate env.
n space for fMay be too
g species and See methods in [14, restrictive.
5 check overlaps 15, 19]. T Helps identifying flincreases time of
e and delete and excluding manipulation. 025 | 05
g = outliers. species fNeeds high detailed ' ’
g ¢)Overlap env. Apply  point in misidentifications. _enwronmental
g 2| information by po_lygon function |nform_at|on to
) : using raster or establish threshold.

.g o geog_raphlcal shapefiles of
% ?“cizlrtlon eI en\{ironmental
5 occurrences by Zigfglgs / realms /
= threshold. gions (e
= Python / QGIS).
2 fLess restrictive.
© d)Do not apply a fIncludes information :
2 | filter for env. from new locations | 1 include 0.5 -
(I
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Tabl e S 4.

Choi

ces

for

dat a curati on of fered

advantages and disadvantages of filtering records; values of data coverage (DC) and certainty of
data (C) range from O to 1.

Process
Y—
o
2
- —
c 3 I
o ° ;
o
£ °©cx
g5 =232
- = E o=
oO® 025
T)E O.OD
> = c O
28
C L —
o= @
o (]
o =
e bt =
O ® 05
L9
= ) =
—l +~ O
g < O
= 86
o
(@]
o
e
g w
= z
= ~
< c
o
@ @
E
(@]
i)
=
-
o
()
o
C
®©
o o
=
% |
<
X LL
(qV]

b. No temporal filter
(include records without
date information)

Pros

{Selects records with
high precision on date
of collection.

fHelps to detect
duplicate records by
complete date of
collection.

fAllows seasonal-
temporal analyses of
records.

fHelps to detect
duplicate records by
year of collection.

T Avoids old records (less
reliable and lower
uncertainty) [5, 6]
and/or current year with
lag of information.

fAllows to filter and
adjust pool of records to
other variables (e.g.
climate) [5] representing
the same temporal
range and then more
realistic results [6].

fIncludes the longest
temporal coverage of
data that it is useful in
studies of time series
[6].

Keeps all the
information available to
filter afterwards.

fCan retrieve temporal
information from
metadata of datasets.

Cons DC C
T Discards a large number of records that are
not linked with the day and/or month of
collection.
T Misinterpretation of format date (e.g.
DD/MM or MM/DD).
If 1a If 1a
& &
2is 2is
fLimits information for taxa with few records = TRUE | TRUE
available. = =1
T Discards large proportion of records due to 0.25
absence in year of collection [7]. If 1b
fiCan lead to the exclusion of false If 1b &

duplicates if they are based only on the & 2is
year of collection. 2is | TRUE
; . TRUE =
T Collection methods and regions sampled - 05 0.75
differ between specific temporal ranges [2].
{Can generate bias between regions due to If 1a If 1a

different temporal coverage of samples of & &
the areas [7, 8]. 2is 2is
T Excludes some useful information (out of FALS FALS
the temporal range) for geographical and E E
taxonomical analysis. =05 -
flIncludes old data that are less reliable and 0.75
have more uncertainty [5, 8] and current If 1b
year with lag of information. &
fIncludes older records that: 2is &

o Present lower quality due to changes FALS 2is
in ecological, demographic or E EALS
dispersal processes and taxonomic = E
changes or status [6] [8]. 0.75 =05

0 Loss of information content of the
record [6].

0 Lack location precision [5] and could
use outdated methodologies [6].

Makes unrealistic comparisons of presence
records and environmental information that
did not coexist in time generating
commission errors [6].

1 Needs more filter/clean processing,
increasing time of manipulation.

1 Detection of duplicate records more difficult
without date information.

fMay include illegitimate dates [17] (e.g.
before 1600 or after current year).

fIncludes older data that:

o Present lower quality due to changes
in ecological, demographic or
dispersal processes and taxonomic 1
changes or status [6].

0 Includes older data lose information
content of the record [6].

0 Lack location precision [5] and could
use outdated methodologies [6].

fMakes unrealistic comparisons of presence
records and environmental information that
did not coexist in time generating
commission errors [6].

If 1b

0.25

97




Chapter 1

Tabl

S5.

Choi

ces

for

dat a

cur at.i

on

of 1

provides some examples of tools to apply the filter. Pros and Cons list potential
advantages and disadvantages; values of data coverage (DC) and certainty of data (C)

range from O to 1.

Position

Recorder Name

Coordinates

Cell

OpenRefine offers a
way to correct and
merge similar

'recordedBYy' names.

@CoordinateCleaner::cc_
dupld[17].

@CoordinateCleaner::cc_
du p17p

f6bi ogeo: : d
xcluded [ 1
fCreate a grid of the
study area adapted

to cell size needed
[11].

Tt is highly strict but
precise detecting
duplicates.

fYear of collection
information appears
more often than
complete date of
collection.

TMinimum information
usually available.

I Considers
coordinates precision.
T Useful for species
distribution models.

fCollector's name is
usually not indicated.
The field
information is not
standardised [7].
fIncludes different
types of collectors
and quality
associated to
identification:
taxonomists >
experts > amateurs
[20].

T Deletes records
with same year of
collection, which
were potentially not
sampled in the same
moment.

fIDoes not consider
coordinates
precision.

T Errors detecting
real duplicates when
multiple vouchers of
the same specimen
were georeferenced
using different
methods.

fDeletes false
duplicates.

0.2

0.4

0.2

0.2

0.4

0.2
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Table S6. Study cases of curation of biodiversity records developed using the
modular protocol of OCCUR. N: initial number of records; Nf: number of records
after cleaning and processing data; Data source: provider of occurrence records
(Global Biodiversity Information Facility as GBIF; Consortium of North American
Bryophyte Herbaria as CNABH, Botanical Information and Ecology Network as
BIEN, Integrated Digitized Biocollections as iDigBio). Strictness of processing: level

of strictness of the filters marked in the app in modules 1-2 and 4-5 (low - L, medium

-Morhigh-H and number of filters appliec
Strictness of
Example N Nf Data Taxa BSEESEINY 77
source module
1 2 3 45
1. Effect of
data curation
strategies on 5
perceived GBIF, o
biodiversity ~15M ~9.2 CNABH, Bryop5|da (~5,500 MM u M H
patterns M  BIEN, species)
i e of
(Ronquillo, idigBio
5
Stropp,
Medina, 2023)
1
2. Species co- | _ N : 0
occurrence 700 ~53 opp 33 species  of iyt MM
k Ok mosses
patterns of
5
1
3. Species | _ _ _ , 0
Distribution 3,\(;'8 315' GBIF drl’g?]% e o 'MH ut ML
Models y b of
5
2
4. Assessment o
of biodiversity 45k ~31k GBIE ~1,120 species of L M ut L H
knowledge Blattodea order of
shortfalls 5
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Appendix S2. Final reports and detailed information of the data used of the

study cases indicated in Table S6.

Study Case 1

Aim: Assessment of the effect of data curation strategies on the perceived pattern
of moss richness and their latitudinal gradient.
Taxa: Mosses (Bryopsida) Number of species included: 5,693.
Occurrence records were extracted from four different repositories:
71 Global Biodiversity Information Facility (GBIF, https://www.gbif.org/): ~11
million records.
1 Consortium of North American Bryophyte Herbaria (CNABH, 2022):
1,539,928 records.
1 Botanical Information and Ecology Network (BIEN, 2022): 1,273,086
records.
1 Integrated Digitized Biocollections (iDigBio, 2022): 1,453,741 records.
After the curation process the number of occurrence records decreased to
9,195,062.

|- mmmmm e FINAL REPORT -----nnnmmmmmmmmmmeeeceeeeee |
Based on the steps selected in OCCUR App, the summary of methods chose by
the user to filter and clean biodiversity records is:

*Basis of Record*: The user will filter records to select Preserved specimens +
Observations

*Taxonomical check sums up following the steps:

1. Download all records from higher taxonomic level

2. The taxonomical source for standardisation / harmonisation will be:

Type AUTOMATIC;

Spatial coverage GLOBAL;

Taxonomical coverage GENERAL,;

using Matching Type FUZZY

3. Selecting only records identified at a proper taxonomic rank

4. Selecting records with or without authorship information in their scientific name
5. Including scientific names classified with taxonomical status: Accepted,
Synonym and Unresolved

*Geographical check sums up the following the steps:

1. Previous filters in download process: Only records with coordinates filtered by
spatial extent (area or administrative units)

2. Location check:

- Check coordinates precision: Use number of decimal digits of coordinates as a
measure of their precision

- Validate records based on whether latitude and longitude present the exact
same value

- Validate coordinates position
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3. Correct / assign coordinates to records without them or errors from previous
validations: Do not correct coordinate values

4. Distributional Outliers check: Do not apply

5. Environmental Outliers check: Do not apply

*Temporal information filter as: Data within temporal range using Year of
collection

Finally, the identification and deletion of *duplicate records* will be done as the
combination of same species Coordinates Date Recorder

The user agrees to use this final report as a guide to process their data and
rewrite this text to avoid conflicts due to plagiarism.

Study Case 2

Aim: Analysis of species co-occurrence patterns of epiphytic bryophytes at global
scale. Recreation of bioclimatic hypervolumes and calculation of species niche
similarity.

Taxa: 32 species of mosses and one liverwort.

Occurrence records were extracted from the Global Biodiversity Information
Facility (GBIF, https://www.gbif.org/): ~700,000 occurrences records.

After the curation process the number of occurrence records decreased to
527,191 records.

Based on the steps selected in OCCUR App, the summary of methods chose by
the user to filter and clean biodiversity records is:

*Basis of Record*: The user will filter records to select Preserved specimens +
Observations

*Taxonomical check sums up following the steps:

1. Create a list of species (accepted names and synonyms) from previous
taxonomical knowledge and query databases.

2. The taxonomical source for standardisation / harmonisation will be:

Type MANUAL,;

Spatial coverage GLOBAL;

Taxonomical coverage SPECIFIC;

using Matching Type EXACT

3. Selecting only records identified at a proper taxonomic rank

4. Selecting records with or without authorship information in their scientific name
5. Including scientific names classified with taxonomical status: Accepted and
Synonym

*Geographical check sums up the following the steps:
1. Previous filters in download process: Do not apply
2. Location check:

- Check coordinates precision: Do not apply
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- Validate records based on whether latitude or longitude values equals to zero
- Validate coordinates position

3. Correct / assign coordinates to records without them or errors from previous
validations: Do not correct coordinate values

4. Distributional Outliers check: Do not apply

5. Environmental Outliers check: Do not apply

*Temporal information filter as: Data within temporal range using Year of
collection

Finally, the identification and deletion of *duplicate records* will be done as the
combination of same species Coordinates Year

The user agrees to use this final report as a guide to process their data and
rewrite this text to avoid conflicts due to plagiarism.

Study Case 3

Aim: Global evaluation of the niche of dryland plants, construction of species
distribution models of each species.

Taxa: ~1,584 dryland species.

Occurrence records were extracted from the Global Biodiversity Information
Facility (GBIF, https://www.gbif.org/): 36,756,778 occurrences records.

After the curation process the number of occurrence records decreased to
12,298,318 records.

Based on the steps selected in OCCUR App, the summary of methods chose by
the user to filter and clean biodiversity records is:

*Basis of Record*: The user will filter records to select Preserved specimens +
Observations

*Taxonomical check sums up following the steps:

1. Create a list of species (accepted names and synonyms) from previous
taxonomical knowledge and query databases.

2. The taxonomical source for standardisation / harmonisation will be:

Type AUTOMATIC,;

Spatial coverage GLOBAL,;

Taxonomical coverage GENERAL,;

using Matching Type FUZZY

3. Selecting only records identified at a proper taxonomic rank

4. Selecting records with or without authorship information in their scientific name
5. Including scientific names classified with taxonomical status: Accepted and
Synonym

*Geographical check sums up the following the steps:
1. Previous filters in download process: Do not apply
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2. Location check:

- Check coordinates precision: Use number of decimal digits of coordinates as a
measure of their precision

- Validate records based on whether latitude or longitude values equals to zero
- Validate coordinates position

3. Correct / assign coordinates to records without them or errors from previous
validations: Do not correct coordinate values

4. Distributional Outliers check: Do not apply

5. Environmental Outliers check: Do not apply

*Temporal information filter as: Data within temporal range using Year of
collection

Finally, the identification and deletion of *duplicate records* will be done as the
combination of same species Coordinates No temporal info

The user agrees to use this final report as a guide to process their data and
rewrite this text to avoid conflicts due to plagiarism.

Study Case 4

Aim: Global assessment of biodiversity knowledge shortfalls of termites.

Taxa: Termites, a selection of 15 families from Blattodea order. Number of
species included 5,693.

Occurrence records were extracted from the Global Biodiversity Information
Facility (GBIF, https://www.gbif.org/): 45,173 records.

After the curation process the number of occurrence records decreased to
31,576.

Based on the steps selected in OCCUR App, the summary of methods chose by
the user to filter and clean biodiversity records is:

*Basis of Record*: The user will filter records to select Filter not applied

*Taxonomical check sums up following the steps:

1. Download all records from higher taxonomic level

2. The taxonomical source for standardisation / harmonisation will be:

Type MANUAL,;

Spatial coverage NOT PROVIDED;

Taxonomical coverage SPECIFIC;

using Matching Type NOT PROVIDED

3. Selecting only records identified at a proper taxonomic rank

4. Selecting records with or without authorship information in their scientific name
5. Including scientific names classified with taxonomical status: NOT PROVIDED

*Geographical check sums up the following the steps:
1. Previous filters in download process: Only records with coordinates
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2. Location check:

- Check coordinates precision: Use number of decimal digits of coordinates as a
measure of their precision

- Validate records based on whether latitude or longitude values equals to zero
- Validate coordinates position

3. Correct / assign coordinates to records without them or errors from previous
validations: Do not correct coordinate values

4. Distributional Outliers check: Do not apply

5. Environmental Outliers check: Do not apply

*Temporal information filter will not applied
Finally, the identification and deletion of *duplicate records* will be done as the
combination of same species Coordinates + Buffer or rounded coordinates Date

Recorder

The user agrees to use this final report as a guide to process their data and
rewrite this text to avoid conflicts due to plagiarism.
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EXPLORING THE IMPACT OF DATA
CURATION CRITERIA ON THE OBSERVED
GEOGRAPHICAL DISTRIBUTION OF
MOSSES.
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1. ABSTRACT

Biodiversity data records contain inaccuracies and biases. To overcome this
limitation and establish robust geographic patterns, ecologists often curate
records keeping those that are most suitable for their analyses. Yet, this choice
is not straightforward and the outcome of the analysis may vary due to a trade-
off between data quality and volume. This problem is particularly recurrent for
less-studied groups with patchy sampling effort. The latitudinal pattern of mosses
richness remains inconsistent across studies and these may emerge purely from
sampling artefacts. Our main objective here is to assess the effect of different
curation criteria on this spatial pattern in the Temperate Northern Hemisphere
(above 20° latitude). We contrasted the geographical distribution of moss species
records and the latitude-species richness relation obtained under different data
curation scenarios. These scenarios comprehend five sources of taxonomical
standardisations and eight data cleaning filters. The analyses are based on the
selection of well-surveyed cells at 100km cell resolution. The application of some
6data curation scenarios6 severely
analysis and substantially changes the proportion of richness per cell. The
sensitivity to data curation becomes detectable at regional and at the cell scales
showing a large shift in the latitudinal richness peak in Europe, from 60 N to 45 N
latitude, when only preserved specimens are selected and duplicates based on
date of collection and coordinates are excluded. Our results stress the importance
of justifying the criteria used for filtering biodiversity data retrieved from
biodiversity databases to avoid detecting misleading patterns. Curating records
under particular criteria compromises the information in some areas displaying

different spatial information of mosses. This problem can be ameliorated if data
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filtering is combined with identifying well-surveyed cells, render relatively
constant results under different combinations of filtering even for less well-known

groups such as mosses.

2. INTRODUCTION

Large-scale biodiversity patterns are strongly determined by the quality and
quantity of information available in species occurrences databases (Bisby, 2000;
Hampton et al., 2013; Moudry & Devillers, 2020; Hughes, Orr, Yang et al., 2021).
However, errors and inaccuracies in biodiversity information can generate
artefacts and biases, which limit or mislead our understanding of the species
distributions and perceived diversity patterns (Hawkins & Diniz-Filho, 2008;

Hortal et al., 2015; Maldonado et al., 2015; Hughes, Orr, Ma et al., 2021).

Some challenges come from the dynamic nature of the species nomenclature
which usually entails an over-description in highly surveyed areas, different
taxonomic treatments between regions, or alternative spellings between
databases (Isaac et al., 2004; Jansen & Dengler, 2010; Feng et al., 2022).
Moreover, changes in species taxonomy due to splitting or lumping through time
or unresolved taxa challenge the quantification of diversity measures (Jones et
al., 2012; Stropp et al., 2022). Also, spatial biases in sampling effort cause an
unevenly clustered distribution of occurrences along the world (Hortal et al., 2007,
Ladle & Hortal, 2013; Meyer et al., 2016; Oliveira et al., 2016; Troudet et al., 2017,
Hughes, Orr, Yang et al.,, 2021). Analyses of inventory completeness and

ignorance scores can help determining the reliability of the knowledge and its
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geographical distribution (Rocchini et al., 2011; Ladle & Hortal, 2013; Sousa-

Baena et al., 2014; Stropp et al., 2016).

Researchers are required to first assess the strengths and limitations of data
before establishing biodiversity patterns. For this, best practices in data
management should include evaluating whether and to what extent the available
biodiversity records are appropriate for their purposes (Vandepitte et al., 2015;
Gueta & Carmel, 2016; Kdnig et al., 2019). In the context of biogeography, it is
essential to check the accuracy of the geographical, taxonomical, and temporal
information in biodiversity records (Chapman et al., 2005; Meyer et al., 2016).
This can be performed by using one of the numerous tools dedicated to the
curation of species occurrence records (e.g., Verborgh & De Wilde, 2013; Zizka
et al., 2019; Jin & Yang, 2020; Ribeiro et al., 2022). However, this raises the
question of how different criteria for taxonomic standardisation and data cleaning
filters may impact observed biogeographical patterns. Consequently, biodiversity
metrics (e.g., richness) and their inferred large-scale patterns could be
inconsistent and distorted across space and time (Maldonado et al., 2015;
Hughes, Orr, Yang et al., 2021; Hughes, Orr, Ma et al., 2021). However, the
extent to which the selection of data based on different aspects of record quality
may alter the perceived richness patterns of many taxa groups remains

unassessed (Meyer et al., 2016; Zizka et al., 2020).

In this study, we focus on mosses (Bryopsida), a relatively poorly studied group
of non-vascular plants that has been unevenly sampled across regions (Chen et
al., 2015; Cornwell et al., 2019; Ronquillo et al., 2020). Bryophyte taxa are under-
represented in public repositories (Meyer et al., 2016) and the information on their

regional distributions is uneven (Mutke & Geffert, 2010) with notable gaps in
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tropical areas, south-central Asia and Africa (Magill, 2010; Geffert et al., 2013).
Worldwide, many regions remain poorly sampled and nearly all studies that have
analysed diversity in mosses at large geographical scales have highlighted the
lack of sufficient information (see, for example, Magill, 2010; Geffert et al., 2013).
These shortcomings probably result in a lack of consistent results of their global
biogeographic patterns and contradictory outcomes between different studies
(Shawn et al., 2005; Geffert et al., 2013; Mols et al., 2013; Cheng et al., 2015;
Mateo et al., 2016; Sanbonmatsu & Spalinkm, 2022). Global studies show that
tropical and extra-tropical areas harbour comparable species richness
suggesting there is no latitudinal diversity gradient for mosses (Geffert et al.,
2013; Mdls et al., 2013). However, regional analyses show a different picture. A
weak but negative latitudinal diversity gradient has been found in China (Chen et
al., 2015) and America (Shaw et al., 2005). Remarkably, in other regions such as
Europe and South-western South America, researchers found an inverse

latitudinal gradient (Rozzi et al., 2008; Mateo et al., 2016).

Besides, it is frequent among diversity studies in mosses to use political
boundaries as operational geographic units due to the lack of more precise data
(see Shaw et al., 2005; Chen et al., 2015). This approach has known limitations

(Hughes, Orr, Yang et al., 2021), but to which extent it has biased our perception

of the Il atitudinal di versity gradient

under revision without an authoritative source at the global level, and recent
works report more synonymizations than new species, suggesting an inflated

number of valid species (Magill, 2010).

Our main objective is to assess the impact of different criteria for taxonomic

standardisation and data filtering on our ability to describe accurately the
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geographical patterns of species richness. To do this, we apply a series of filtering
and standardising methods to the moss records available in online databases
across the temperate Northern Hemisphere. Specifically, we address four
questions: (1) To what extent do different baseline data used for standardising
species names affect the observed spatial patterns of species richness?; (2) To
what extent do the geographical distribution of the number of records and species
change using different criteria for filtering by (i) duplicate records, (ii) basis of
records (i.e. field observation or existence of herbarium voucher), and (iii)
temporal coverage; (3) To what extent do different filtering criteria affect the
spatial coverage of well-sampled cells?; (4) How do data curation scenarios affect
the observed latitudinal gradient of richness at both regional and across study

area?

3. MATERIALS & METHODS

Data gathering and pre-processing

We obtained moss occurrence records from four public repositories of
biodiversity data including Global Biodiversity Information Facility (GBIF,
https://www.gbif.org/), Consortium of North American Bryophyte Herbaria
(CNABH, 2022), Botanical Information and Ecology Network (BIEN, Enquist et
al., 2016; Maitner, 2022) and Integrated Digitized Biocollections (iDigBio, 2022).
We discarded records from GBIF incl

were duplicates from GBIF dataset (Feng et al., 2022).

We retrieved only records from the temperate region of the Northern Hemisphere

(above 20 N latitude, see Supporting Information Fig. S1). This decision
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responded to the large differences in survey effort in Southern Hemisphere and
tropical areas. We then followed the data processing protocol reviewed by
OCCUR R Shiny App (C. Ronquillo, J. Stropp & J. Hortal, unpublished) to
standardise and filter occurrence records used in the study, following different
options at key steps (see below). The whole data management process was
organised in a workflow connecting all the subsections of the methodology (Fig.

1).

Data gathering and pre-processing

Download records from public repositories and exclude incorrect / illegitimate information by each module:

> Basis of record Time Taxonomy Geography
( Location | [ Value of coordinates |
Exclud o Exclude records placed out of the Exclude records whose coordinates equal to zero
) Exclude illegitimate xelude records geographic extent (lemperale region or full integer numbers or
Exclude fossils dates of collection not identified at of the Northern Hemisphere) or not located Records placed in country centroids, nearby
species level or lower in the same country referenced in GBIF headquarters in Copenhagen, or biodiversity
‘countryCode’ field institutions

T

v

Selection of data cleaning filters |
Create subsets of records based on each filter

Create list of accepted species and keep those . Temporal "
Duplcses Basis o mord
Species name +

'(( I - A970-2000)
e - -~ N
# Taxenomic Consensus 4 i ~ / N
Speci + .
_, source checklist 3/5 { Coordmatess ), Coordinates + @ /
x5

date of collection +
\dltecﬂ:nlll:ﬁnn/ collector name

P

/ Preserved

\specimen /
.

v
Data curation scenarios

Combination of a source of taxonomic standardization + data cleaning filters

date-1970

date-TNRS

\—>| Assessment of well-surveyed cells and diversity measures |<7

L)| Evaluation of geographic patterns |

Figure 1. Workflow of the steps followed to process occurrence records. Coloured

boxes correspond to the subsections described in the methods chapter. All the

6data curation scenariosd® used the combi

date of collection to detect duplicates.

118

nat



We pre-processed our downloaded datasets individually to exclude fossil
records, those with illegitimate dates of collection and those with the exact same
value in their latitude and longitude coordinates. We also excluded records with
geographic coordinates equal to zero and those given as full integer numbers
(i.e., no decimal digits). We then retained those records placed in the same
country referenced i n O6couner~f0Ckndbefter f i el d
from the nearest coastal point) or nearby the country border. Finally, we
discarded records placed in country centroids, nearby GBIF headquarters in
Copenhagen, or biodiversity institutions (Zizka et al., 2019). We kept records

identified at species level or lower (forms, subspecies and varieties).

Records were reprojected and aggregated to their overlapping cell on a grid of
equal area cells of 100 km resolution (WGS 84 / NSIDC EASE-Grid 2.0 Global
projection) covering our study region. The area was divided into three regions
corresponding to North America, Europe and North Africa (herein often called
simply Europe/N. Africa for short) and Asia. We generated 49 latitudinal bands
di ssolving each row from the grid (hereby n

(see Supporting information Fig. S1).

All analyses and figures were made in RStudio (version 4.1.0 2021) using

6data.tabled (Dowle idyBeinedagadckRadlet

0O GADMTool so (Decorps, 2021) , 0CoordinateC
Ornatural eartho (Sout h, 2017) , 0l ubridate
ocountryc®B8dedodkAr et al ., 2018) , Opatchwor
0segmedd (Muggeo, 2008), OKnowBRO6 (Lobo et

et al., 2022), o6Taxondstanddé (Cayuela et al
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Taxonomical standardisation and harmonisation

After pre-processing the records, we extracted a list of unique scientific names
(dwc::scientificName and also dwc::species for iDigBio records). We

standardised all names using five commonly used taxonomic databases for

nomenclatural standardisation and harmonisation of plants (Greiné et al., 2022):
GBIFbac k bone (using o6rgbifd R package), The F
package, http:// www. theplantlist.org/), Wor
package, https:// www. worl dfl oraonline. orgl/
Tropicos database (Tropicos; https://www.tropicos.org/) using TNRS web
application setting O6Tropicosdéd option and
(TNRS; Boyle et al., 2021) using TNRS web application with default settings
(https://tnrs.biendata.org/). This procedure resulted in five different lists of

accepted species names (shortened to only genus and specific epithet). We

created a consensus species list from them as a conservative way to avoid

taxonomic conflicts between those lists. Only those species names presented in

at leastthre e o ut of the five | ists were selecte
dataset.
After excluding all species names that were

results (and their corresponding records), we quantified the proportion of species
names observed by cell for each of the five taxonomic databases compared with
the consensus list. We also calculated for each taxonomic database and region
the proportion of cells for which the number of species names decrease, increase

or remain unchanged compared with the consensus list.
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Selection of data cleaning filters and quantification of records

We selected eight filters generating the corresponding subsets from the
0taxConsensusd6 dataset. These filters have
studies (Table 1). They defined two types of duplicate criteria, one type of specific
nature of the record (i.e. basis of records) and five different temporal ranges. We
then quantified the proportion of number of records and observed species

discarded by cell after applying each filter separately.
Mapping well-sampled cells

We calcul ated the inventory completeness wi
al., 2018) for each cell considering each of the eight filtered datasets described

in the previous section. For this, we established species accumulation curves

(SACs) using the number of records and species documented in each spatial unit.

The number of records would be positively related to survey effort so it is

assumed as a proxy (Lobo et al., 2018). SACs were established by using the

met hod Oexactd and o6érational é and we esti
completeness keeping the last part of the slope. Next, we defined well-sampled

cell s as those with at | east 100 records
records/richnessratio©O 5, and slope O 0.1 (i.e., one n
10 new records at the end of the species accumulation curve), after Lobo et al.

(2018). Finally, we checked the distribution of the obtained values of ratio and

slope compared to their completeness by cell (see Supporting information Fig.

S2).

121




Assessment of the latitudinal gradient of species richness

We created four different &éddata curation sc
of the eight filters and taxonomic databases of the previous sections to evaluate

the effect on the documented latitudinal gradients of species richness (Fig. 1).

The selection was based on those filters that presented higher differences from

the initial dataset (see Supporting Information Ta b | e S1):TNRyO:6dat e
Remove duplicates with an identical date of collection using TNRS default system
standardi satioosd: 2 Retmdaeeduplicate records
coll ection using a taxonomi-scpe®inm@é:n shixt rsgpetc
records associated to preserved specimens and remove duplicate records with
identical date o0f19¢061 e&Extomart 4pnbdarecord
1970 and remove duplicate records with identical date of collection. We then

selected well-sampled cells (see section 2.4 of methods) and generated

regression models of their frequency and observed and predicted richness by

latitudinal band 1 globally and for each of the three defined regions (see

Supporting Information Fig. S1). The relationships between latitude and richness

were assessed through piecewise I|inear re
2008), assuming that the breakpoints identified by these regressions define the

latitudinal peak of maximum species richness in each dataset.

4. RESULTS

After the pre-processing steps, our dataset included 9,195,062 records
attributed to 32,009 different taxa names, out of which 7,000 corresponded to

non-standardised species names. These records were unevenly distributed
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across the regions: 22% in North America, 76% in Europe/N. Africa and 2% in
Asia (Table S1). The dataset from GBIF had the largest number of records, with
an initial number of ca. 11 million records, while data from CNABH comprises
1,539,928, from iDigBio 1,453,741, and from BIEN 1,273,086 records. After the
taxonomic consensus processing, the

dataset decreased to 9,069,440 records and it included 5,693 different species

(Fig. 2).

Number of records _

0 200 400 600

Figure 2. Geographical distribution of observed number of moss species in the

number

60t axConsensusd dataset at a 108BE-Gudn20gri d ce

Global projection).

Effect of standardising species names on observed spatial patterns of

species richness

The application of different taxonomic databases for standardisation led to
different numbers of accepted species names: 5,147 for GBIF backbone, 5,636
for TPL, 6,121 for TNRS, 5,392 for Tropicos, and 5,611 for WFO and also number
of records (see Table S1 to check each taxonomical source). There are also

differences in the observed species richness by cell with a large proportion of
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cells that either increased or decreased their value compared to the use of a
consensus checklist (Fig. 3). However, most of these variations in observed
richness represented a low proportion (<1%) of species discarded or added (see
Supporting Information Fig. S3). Cells with few species showed larger variations
(more prone to additions or deletions). Across taxonomic databases, TPL
resulted in the same richness values by cell as the consensus list in >50% of
them, but the rest of the taxonomic databases had strong region-dependent
effects in perceived richness. Using Tropicos triggered a decrease in the number
of species recorded in ~40% of cells of North America while generating increases
in ~30% of the cells of Europe/N. Africa compared to the consensus checklist.
Using the default TNRS setting system caused increases in the number of
observed species in most of the cells in Europe (>40%), and in North America
(~60%) (Fig. 3). Remarkably, Asia kept most of the information regardless of the
taxonomic database, and 60-80% of the cells keep the same number of species

by cell than using a consensus checklist.

Effects of filtering for duplicate records, basis of records or temporal
coverage on geographical distribution of records and observed species

richness

Filtering duplicates led to an uneven geographical distribution of discarded
records. North America showed the highest proportion of duplicate records by
cell (See Supporting Information Fig. S4). The two different criteria used for
defining duplicates led to similar geographical patterns of number of records

di scarded. The inclusion of OrecantedByo
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identify duplicates led to a decrease in data of ~17%, whereas only considering

date of collection led to ~20% (see Table S1).
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Figure 3. Geographical distribution of variations in number of observed species
by cell at 100 km resolution (NSIDC EASE-Grid 2.0 Global projection) using each
taxonomic standardisation database: GBIF backbone, Taxonomic Name
Resolution Service (TNRS), The Plant List (TPL), TROPICOS and WFO (World
Flora Online) vs. a consensus checklist. Pink cells correspond to increases (l),
blue to decreases (D) and yellow cells (E) are those with no variation in the
number of observed species. Histograms represent the proportion of cells in each
of these classes by region (AM = North America; EU/AF = Europe and North

Africa; As = Asia).
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Data decreased unevenly by region when filtering by preserved specimens.
Europe/N. Africa presents larger losses of records, which is also reflected in
decreases in the number of observed species, of up to 80% by cell in areas of

the UK, Azores, France and other central European countries (Fig. 4).

The records uploaded without date of collection comprised ca. 4% (Fig. 5 Top).
Further, the application of strict temporal filters, such as records collected
between 1970-2000 or after 1990, reduced (up to 80%) the number of available
records and species by cell throughout the whole study area (Fig. 5). The North
American region presented a higher loss of records in both time periods (1970-
2000 and after 1990; Table S1). By contrast, in Europe/N. Africa this decrease is
only pronounced between 1970-2000, as an important proportion of data was

collected in the last two decades (Table S1).

=l 1

i e R

0.00 0.25 0.50 0.75 1.00

Figure 4. Geographical distribution of the proportions of records (top) and
observed species (bottom) of mosses that were discarded after filtering to include
only preserved specimens, at a 100 km cell width resolution (NSIDC EASE-Grid

2.0 Global projection).
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Variation of the geographical distribution of well-sampled cells according

to data cleaning ftiildrersc aemar ibadsa@ a cur a

We found that 1,531 cells (out of 4,969) can be considered well-sampled after
applying at least one of the eight cleaning filters proposed (Table 1) and 373 cells
fulfilled all eight criteria (Fig. 6). They were mostly located in Europe and North
America (Fig. 6; see Supporting Information Fig. S5). However, cells across North
America showed more variability than European ones (Fig. 6) and some of them
could not be considered well-sampled after applying many of the filter criteria

assessed (see Supporting Information Fig. S5).

The numbersofwells ampl ed cel |l s of our four oO6data c
wer e: 1T)NRSHat7e29 (371 in North America, 338
in Asi a)comns)6 6dGanr e( 586 i n nHwapd/M Africanand | c a, 3E
22 in Asi-apecBm6odade(578 in North America,
and 15 in Asi-a97 Gabhd7 541 (63d&& ei n North Americ
Africa and 20 in Asia) (see Supporting information Fig. S5 for geographical

distribution of cells).

Number of filters _
2

Figure 6. Geographic location of well-sampled cells of mosses at 100 km cell
width resolution (NSIDC EASE-Grid 2.0 Global projection). Values correspond to

number of filter criteria overcome of the eight proposed in Table 1.
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Ef fect of 6data curation scenari osd® on the

species richness

Regardless the criteria used to assess the latitudinal species richness gradient,
we detected an increase in richness towards the north at global scale at ~60°N
(latitudinal band & 40) (Fig. 7). Remarkably
peak in species richness are similar in all the curation scenarios. However, peaks
of species richness differed by region; it was located also at ~60°N in Europe/N.
Africa(lat i t udi nal band & 40), but shifted to -~
band & 30) and ~35AN in Asia (latitudinal
differences between piecewise regressions of observed richness and predicted
richness betweean sécéeataa i o8 D adedxncsedp ti nf oF u réodpaet /
Africa (Fig. 7b) . After keeping only prese
duplicates by date of collection, the peak of species richness shifts from ~60°N
to ~45°N (latitudinal bands 40 and 29) (Fig. 7c). All regression models present
R2 below 0.15 for the entire study area, below 0.10 for Europe/N. Africa and North
America but above 0.5 for Asia due to the few points available in this region (see

Supporting Information Tables S2-5 for complete model summaries).

5. DISCUSSION

The criteria used to clean species occurrence records of mosses have a
significant impact on the final data used in analyses and the associated results.
Further, such impact may vary depending on the region or the temporal and
spatial scale considered. Severe loss of information on the perceived species

richness occurred at small scale, but it did not impact the large-scale perception
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of latitudinal gradient considering well-surveyed cells. The selection of source for
taxonomic standardisation and data cleaning filters (e.g., temporal and basis of
records) presented a trade-off between getting suitable data and the limited
number of records available with these characteristics. Our results showed that
publicly available data on mosses is unevenly distributed across the temperate
region of the Northern Hemisphere, a pattern that was also observed in previous
studies with other groups (Hughes, Orr, Ma et al., 2021). Indeed, well-sampled
cells are spatially biased towards northern (and high-income) countries (Meyer et

al., 2016, Hughes, Orr, Ma et al., 2021).

We also showed that species occurrence records of mosses are geographically
clustered by certain data types. This was also observed in Europe/N. Africa,
which is the better-sampled region in the Northern Hemisphere, with ~76% of the
records of the global dataset. Our results revealed that filtering by preserved
specimens is critical for data on mosses from a large part of Europe (e.g., the UK,
France, Germany, Belgium or the Azores). In this region, most of the information
was recorded as observations. Thus, selecting only preserved specimens shifted
the peak of richness from ~60 N of latitude towards the south to ~45 N (Fig. 7c).
Filtering only preserved specimens has been used in previous works of ecology
for other plant groups (Stropp et al., 2016; Speed et al., 2018). One of the reasons
for keeping only records of preserved specimens could be the revision of sample
material to validate species identifications. However, we showed that this kind of
decision may be justified based on the extent and region, or taxa chosen. Studies
should give a clear motivation to exclude records with no specimen material

associated or keep a conservative scenario with no filters applied.
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Another crucial aspect to consider when filtering records is the selection of a
particular temporal coverage. Data-driven uncertainty increases as records get
older (Meyer et al., 2016), due to issues of taxonomic validity, metadata quality,
and temporal changes in species composition (Tessarolo et al., 2017; Stropp et
al., 2022). This calls for selecting only recent records for most analyses on current
biodiversity trends due to their higher reliability (Tessarolo et al., 2017). However,
our results showed that for mosses adjusting the information to a couple of
decades before or after 1990 can produce larger decreases in both numbers of
records and observed richness in Europe than in North America, or vice-versa
(Fig. 5). So, for the sake of obtaining datasets that are large enough to compare
two regions with different histories of survey effort, it may be worth sacrificing
temporal data quality to ensure large spatial coverage. Of course, bearing in mind
the problems and limitations in the results derived from this choice. Nonetheless,
the problem of temporal coverage may also be larger at progressively smaller
extents of analysis. For example, while in this study records with no date of
collection constituted only a small proportion (ca. 4%) of all the databases
analysed, in a previous work focused in Iberian Peninsula more than 40% of moss
records had no date information (Ronquillo et al., 2020). That renders these data
unsuitable for analysis of temporal shifts in biodiversity. Indeed, this exemplifies
the importance of recording high-quality metadata when digitizing biodiversity

databases (Costello et al., 2013).

We found that filtering for duplicate reco
little impact on the number and spatial coverage of records of mosses. This is
probably due to the |l ack of standardised in

in global biodiversity data repositories. Ideally, databases should incorporate a
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systematised way of recording the collector or collectors of each record, and
researchers or non-professional users engage in filling it in. However,
distinguishing occurrences collected by the same person on the same day and
location from those collected by multiple collectors (and thus obtained from a

hi gher l evel of sampling effort) I S

of t en

curation scenari os0 clé#wdnalgradieots of ichnassy si ng t

filters records with the same date of collection, coordinates and species name.

We showed that observed species richness by region or cell is sensitive to the
choice of the reference baseline data by using five different sources of taxonomic
standardisation. For example, we found that GBIF backbone presented a lower
number of accepted species than the others, but generated higher values of
observed richness in some areas (Fig. 3). Each taxonomic database has its
approach or strategy and instability (Feng et al., 2022). World Flora Online,
Tropicos or The Plant List only describes plant taxonomy and the latest is
outdated since 2015, while GBIF backbone describes all taxonomy. Additionally,
there are differences inthe systemés ef fi ci ency to det
generate an output (e.g., using orthographic distance metrics) (Grenié et al.,
2022). Taxonomical Name Resolution Service (TNRS) can be configured to
consider multiple checklists (e.g., Tropicos, WFO, USDA) to standardise a
species name. That could be the main reason why this taxonomic setting caused
general increases of richness at cell level in all regions compared to the other

sources assessed (Fig. 3).

Expert knowledge is key when selecting the taxonomic reference for
standardisation (arguably Tropicos for bryologists, Magill, 2010). However, we

showed the importance of this selection and how it could modify richness
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information. This finding calls the attention of ecologists to carefully consider
which baseline for taxonomic information should be considered when conducting
studies at a gl obal scal e. Her e, we <creat
species names from the majority of available sources (three out of five in this
study) as a potential solution to address conflicts in the absence of an
authoritative taxonomic reference. This allowed us to work with more records and
species than just using one source of taxonomic standardisation. It is still
unknown how many species of mosses exist. Global evaluations date back to the
last decade and range between ca. 9,000 (Magill, 2010) and ca. 13,000 (Crosby
et al.,, 1999). In this study limited to the temperate region of the Northern
Hemisphere, we captured a large proportion of the total species predicted by the

experts (around 5,500).

The limited information from Asia in public repositories, such as GBIF, highlight
the difficulty to access records from this area due to language barriers. This
region had a small number of available records, few cells with information and
even fewer of them well-sampled, even in countries with a large influence in
bryology such as Japan or China (Chen et al., 2015). Consequently, it is less
reliable to develop any biogeographical pattern for mosses in this region and to
establish large-scale comparisons. A massive mobilization of data from Asian
countries and its incorporation into international biodiversity information networks

is needed.

Despite the uneven data coverage throughout the study area, our regional
analyses provided evidence that there is not a single (unique) global latitudinal
gradient of moss species richness. The latitudinal region exhibiting the highest

richness peak of differed between North America, Europe/N. Africa and Asia. This
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peak, however, did notchanges i gni fi cantly with the

scenari os?o. I n Asia the peak i n species

compared to Europe or North America, although this observation should be
interpreted with caution due to the limited number of cells included in the analysis.
However, this result seems robust as it was maintained despite filter
combinations and it was also consistent with previous analyses of the latitudinal
biodiversity gradients in mosses (Chen et al., 2015; Mateo et al., 2016). We
showed that the latitudinal diversity gradient in North America has a peak at
intermediate latitudes. Differences in the latitudinal diversity gradient between
regions are also known for vascular plants (Mutke & Barthlott, 2005), but the shift
in the peak of species richness towards the North in Europe and the South in Asia

(Mutke & Barthlott, 2005) is substantially larger in mosses.

Several hypotheses have been invoked to explain the differences in the latitudinal
diversity gradient between mosses and vascular plants (see Patiio &
Vanderpoorten, 2018). The environmental requirements (temperature and water
availability) have been commonly advocated as responsible for the differences in
the biodiversity patterns between both groups (O'Brien, 2006; Kreft & Jetz, 2007).
However, there are intrinsic differences between vascular plants and mosses
regarding optimum growth temperatures (Furness & Grime, 1982), and
maintenance of water balance i as the lack of cuticles in mosses allows them to
absorb water directly from mist and fog through their whole surface. Due to these
particular characteristics, factors such as coastline length and air humidity based
on the orography and levels of continentality show high correlations with moss
richness (Mdls et al.,, 2013) and may explain some of the differences in the

latitudinal gradient between regions. However, historical contingencies have also
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played a significant role in shaping these differing patterns. Importantly, none of
the basal clades in the moss lineage originated in the tropics, and the whole moss
clade could have originated in the Southern Hemisphere (Shaw et al., 2005).
These two contingencies may have also marked the migration and diversification

mosses creating the differences in regional patterns that we observe today.

The limited knowledge of the origin of the regional differences in moss latitudinal
gradient, compared with other groups, calls for a deeper exploration of the

determinants of moss richness gradients. Previous literature is based on

disti buti onal model s (Mateo et al ., 2016) ,

Geffert, 2010; Geffert et al., 2013), but the lack of global high-quality data makes
it difficult to make definitive conclusions. Indeed, analyses of particular regions
showed that it is crucial to consider the effects of survey effort on the perceived
moss diversity gradients (e.g., China 1 Chen et al., 2015; Iberian Peninsula i
Ronquillo et al., 2020). Our work considered the effect of survey effort using
inventory completeness in a larger study area with millions of records. Well-
surveyed areas selected were quite

covering a substantial proportion of the study area. Despite of the limitations of
public data for analysing large-scale biogeographical patterns of poorly studied
groups, we showed that most of the Northern Hemisphere has accumulated

enough records of mosses to assess large-scale patterns.

6. CONCLUSIONS

In this study we evaluated some of the most commonly used filters to clean

records of species occurrences in macroecology and biogeography. It is widely
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known that selecting or excluding records based on different criteria can
compromise the volume of data available. However, this may also compromise
the reliability of the results, so the effect of different ways of filtering records needs
to be assessed in works based on information from biodiversity databases. Here,
we demonstrated that we can assess the robustness of macroecological patterns
based on opportunistic records from public databases. Such assessment can be
done using sensitivity analyses based on the combination of completeness
analyses to detect well-surveyed cells and basic macroecological analyses.
Importantly, some combinations of filters can display different spatial information

patterns.

(Macro)ecologists and biogeographers should consider public data limitations
such as survey effort, inconsistent taxonomic information or quality of
digitalization by different sets of researchers when modelling and evaluating
diversity patterns. This implies that studies using biodiversity data records should
detail and justify how they filter and standardise the taxonomy of species
occurrences, as well as spatial data quality and accuracy (Zizka et al., 2020;
Rocchini et al., 2023). There are a series of good practices in biodiversity data
management that should be followed in similar studies but evaluating other taxa
or regions. First, it is important to document the use of scripts and publish the
code (either in R or in other languages) in open repositories such as GitHub, to
make the whole process comparable and reproducible (Ivimey-Cook et al., 2023).
Second, researchers should review the most recent packages and web services
to manage occurrence records and use the most updated source of taxonomy
available (Grenié et al., 2022). Third, we recommend assessing the spatial

coverage of survey effort across the study area to identify biases and data gaps
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caused by differences in regional histories of sampling (Hortal & Lobo, 2005;
Ronquillo et al., 2020). And last, studies should consider including an appendix
or Supporting information with a detailed section of the workflow and curation
scenarios selected to process the data (C. Ronquillo, J. Stropp & J. Hortal,
unpublished). In this respect, justifications for any decision that implies a large

loss of information must be clarified in the text whenever possible.

The noise and artefacts coming from inadequate handling of data can alter the
perceived spatial patterns of biodiversity (see Whittaker et al., 2005; Hortal et al.,
2015 and Tessarolo et al., 2021 for a review). Macroecology is necessarily a data-
intense science, and in the era of big data using all information at hand may result
in analysing erroneous patterns. Conducting sound analyses requires addressing
the trade-off between data quality and data volume commonly presented in large
public repositories of biodiversity information. Building up truly methodologically
solid macroecology requires ways of incorporating this trade-off into the

biogeographer's toolbox.
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8. SUPPORTING INFORMATION
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Figure S1. Study area regions considered in the analyses. North America
(yellow); Europe + North Africa (pink) and Asia (blue). Second y-axis corresponds

to latitudinal bands values.
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Figure S2. Distribution of records, ratio and slope values based on inventory
completeness by cell. Red lines indicate selected thresholds criteria of well-

sampled cells and horizontal grey line the completeness threshold.
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Figure S3. Density of number of cells based on taxonomical richness change
rates. O correspond to cells that keep the same number of species than using a
consensus list, negative values are the proportion of species discarded in each
cell compared to use a consensus checklist and positive values the proportion of
species added. The x-range showed is limited to -0.5 - 0.5 for plot purposes. This
was calculated for each taxonomic source assessed vs. a consensus checklist
(columns: TNRS = Taxonomic Names Resolution Service; WFO = World Flora
Online; GBIFb = Global Biodiversity Information Facility backbone and TPL = The

Plant List) and region (rows: Am = North America; As = Asia and Eu/Af = Europe/
North Africa).
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Duplicates with identical date of collection and recorders' names
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Figure S5. Continuation.
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Table S1. Number and proportion of records retained after apply each data filter

and

6dat a

cur at i

on

scenar.i

00 (com

standardization). Proportion values are calculated based on number of records

of the dataset with no filter. Values by region and global are included. Cells in

red correspond to those that retained <25%; in orange 25-50% and yellow 50-

75%.
Number of records Proportion of records
North North North
ANort.h Africa Asia Global Ameri Africa Asia E‘Icl)
merica Europe ca Europe a
Species name +
Coordinates +
date of collection
8 (DD/MM/YYYY) 1,405,210 5,987,996 113,213 7,506,419 0.69 0.86 0.71 : 0.82
= | + collector or
L2 | observer name
2 | (dwc:recordedBy
o 1)
<= | Species name +
Coordinates  + |l 1 216405 5855304 106,818 | 7,272,528 | 0.64 084 067 | 079
date of collection
(DD/MM/YYYY)
(i) ~ basisOfRecord: | | gecoes 1106059 146,822 | 3,298,836 | 0.95 0.93 | 0.36
Preserved Specimen
Record includes
_ year of collection | 1,903,344 6,656,524 146,735 8,706,603 0.93 0.95 0.93 | 0.95
< | (>1600)
o
E. > 1900 1,789,791 6,425,885 145,349 8,361,025 0.87 0.92 0.92 | 0.91
,“_’ > 1970 1,147,858 5,608,738 128,517 6,885,113 0.56 0.80 0.81 : 0.75
£ | 19707 2000 765,015 2,331,322 60,821 | 3,157,158 || 0.37 0.33 0.38 | 0.34
> 1990 642,467 4,583,397 98,728 5,324,592 0.31 0.66 0.62 : 0.58
© date-TNRS: 1,333,894 5,902,843 107,740 7,344,477 0.65 0.84 0.68 | 0.80
[
gg date-cons 1,310,406 5,855,304 106,818 7,272,528 0.64 0.84 0.67 | 0.79
© .
=5 date-specim 1,264,890 875,130 99,880 2,239,900 0.62
= O
date-1970 732,448 4,872,738 89,243 | 5,694,429 0.36 0.70 0.56 i 0.62
_ GBIF 1,995,839 6,598,863 152,736 8,747,438 0.97 0.94 0.96 ;| 0.95
©
Eg TPL 2,022,379 6,956,622 156,339 9,135,340 0.99 1.00 0.99 | 0.99
5
g'g TROPICOS 2,020,080 6,944,446 155,902 9,120,428 0.99 0.99 0.98 : 0.99
I
E'ﬁ TNRS 2,033,774 6,936,521 156,047 9,126,342 0.99 0.99 0.98 : 0.99
WFO 1,985,890 6,822,660 154,194 8,962,744 0.97 0.98 0.97 : 0.97
Dataset with no filter 2,049,626 6,986,879 158,557 9,195,062
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Table S2. Regression model summaries with segmented

relationship(s)

indicating estimated Break-Point (BP) of observed and predicted richness and

frequency of well-sampled cells by latitudinal band at global scale and by region.

0daTmtNeRS 6

dat a

curati on

scenari o:

dat a

identical date of collection and using TNRS standardization of species names.

Significance

codes: 0

o***o 0.

001

7 A

0* *0

Predicted Richness

Observed Richness

Frequency of cells

BP Est. St.Ermr

psil.atitud
40.541
eBands

Estimate Std. Error tvalue Pr(>[t])

0.844

BP Est. St.Err

40.12 0.9

Meaningful coefficients of the linear terms:

Estimate Std. Error t value Pr(>|t[)

BP Est. St.Err

31.162 1.311

Estimate Std. Error tvalue Pr(>[t])

(Intercept) 62.7526 19.0789 3.289 0.00105 ** 34.8635 17.7488 1.964 0.0499 * -7.1379 2.4639 -2.897 0.00602 **
Z:' latitudeBands 6.6237 0.6506 10.181 <2e-16 *** 6.4333 0.6052 10.630 <2e-16 *** 1.2462 0.1266 9.847 2.3e-12***
§ Ul.latitudeBands -25.7792 6.1814 -4.170 NA -24.3901 5.7505 -4.241 NA -2.6415 0.2896 -9.121 NA
O Residual standard error 125.5 on 725 degrees of Residual standard error: 116.7 on 725 Residual standard error: 5.733 on 41 degrees of

freedom degrees of freedom freedom

R2: 0.1418, Adj. R2: 0.1382 R2: 0.1486, Adj. R2: 0.1451 R2: 0.7619, Adj. R2: 0.7445

Boot restarting based on 6 samples. Last fit:

Convergence attained in 5 iterations (rel. change Convergence attained in 3 iterations (rel. Convergence attained in 2 iterations (rel. change

2.129e-13) change 1.9651e-11) 7.9166e-1)

BP ' Est. St.Err BP Est. St.Err BP Est. St.Err
psil.latitud
28 1.953 28 1.931 27.146 1.375
eBands
Meaningful coefficients of the linear terms:
Estimate Std. Error tvalue Pr(>|t[) Estimate Std. Error tvalue Pr(>[t]) Estimate Std. Error tvalue Pr(>|t])

(j (Intercept) 83.915 24.677 3.401 0.000746 *** 67.6946 21.5658 3.139 0.00183 ** -2.9433 1.8894 -1.558 0.127
g latitudeBands 5.070 1.114 4.553 7.21e-06 *** 43915 0.9732 4.512 8.64e-06 *** 0.7804  0.1103 7.075 1.48e-08 ***
; Ul.latitudeBands -8.686 1.959 -4.434 -7.6773 1.7121 -4.484 NA -1.7372 0.1819 -9.548 NA
E Residual standard error: 102.2 on 367 degrees of Residual standard error: 89.28 on 367 Residual standard error: 4.069 on 40 degrees of
% freedom degrees of freedom freedom

R2: 0.06759, Adj. R2: 0.05997

Boot restarting based on 6 samples. Last fit:

Convergence attained in 2 iterations (rel. change

5.7481e-07)

R2: 0.06723, Adj. R2: 0.0596

Boot restarting based on 9 samples. Last
fit:
Convergence attained in 1 iterations (rel.

change 3.4205e-07)

R2: 0.7031, Adj. R2:0.6808

Boot restarting based on 6 samples. Last fit:

Convergence attained in 2 iterations (rel. change

5.9635e-12)
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Table S2. Continuation.

Predicted Richness

Observed Richness

Frequency of cells

BP  Est. St.Err BP Est. St.Err BP Est. St.Err
psil.latitud
40 1.042 39.619 0.99 41.313 0.844
eBands
Meaningful coefficients of the linear terms:
é Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue  Pr(>[t])
E (Intercept) 85.101 53.389 1.594 0.112 38.387 51.421 0.747 0.456 -13.84255 2.65045 -5.223  1.87e-05***
E latitudeBands 7.124 1.621 4.396 1.49e-05 *** 7.494 1561 4.801 2.38e-06 *** 0.86825 0.08944 9.707 3.92e-10 ***
% Ul.latitudeBands -23.823 6.694 -3.559 NA -25.44 6.448 -3.946 NA -3.79278 0.78654 -4.822 NA
5 Residual standard error: 130.2 on 334 degrees of Residual standard error: 125.4 on 334 Residual standard error: 3.598 on 26 degrees of
E freedom degrees of freedom freedom
8 R2 0.07417, Adj. R% 0.06585 R2: 0.08583, Adj. R% 0.07762 R2: 0.8083, Adj. R% 0.7862
-}
w Boot restarting based on 6 samples. Last fit: Boot restarting based on 6 samples. Last Boot restarting based on 6 samples. Last fit:
fit:
Convergence attained in 2 iterations (rel. change Convergence attained in 4 iterations (rel. Convergence attained in 2 iterations (rel. change
2.1815e-07) change 6.2059e-14) 6.4503e-12)
BP  Est. St.Ermr BP Est. St.Err BP Est. St.Err
psil.latitud
18.364 1.243 18.288 1.197 NA
eBands
Meaningful coefficients of the linear terms:
Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>|t]) Estimate  Std. Error  tvalue Pr(>[t])
(Intercept) -611.58 291.32 -2.099 0.0520 -508.00 234.37 -2.168 0.04562 * 1.710563 0.590344 2.898 0.0159*
(<7() latitudeBands 53.09 17.93 2.961 0.0092 ** 44,00 1442 3.050 0.0076 ** -0.001451 0.018395 -0.079 0.9387
< Ul.latitudeBands -61.53 18.07 -3.405 NA -50.98 1454 -3.507 NA

Residual standard error: 87.84 on 16 degrees of

freedom

R% 0.5887, Adj. R?: 0.5116

Convergence attained in 2 iterations (rel. change

2.5139e-11)

Residual standard error 70.66 on 16

degrees of freedom

R% 0.6022, Adj. R% 0.5276

Boot restarting based on 6 samples. Last fit:

Convergence attained in 2 iterations (rel.

change 1.0527e-13)

Residual standard error 0.6829 on 10 degrees of

freedom

R% 0.0006219, Adj. R? -0.09932
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Table S3. Regression model summaries with segmented relationship(s)
indicating estimated Break-Point (BP) of observed and predicted richness and
frequency of well-sampled cells by latitudinal band at global scale and by region.
Odactoens &6 data cur at i ond atereemave duplicateddveth a obt ai
identical date of collection using consensus taxonomic species list. Significance

codes: O 6***6 0.001 o6**6 0.01 o0*6 0.05 0o.
Predicted Richness Observed Richness Frequency of cells
BP  Est. St.Err BP Est. St.Err BP Est. St.Err
psil.atitude
39 1.099 39 0.849 29.822 1.311
Bands

Meaningful coefficients of the linear terms:

Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue  Pr(>|t])
(Intercept) 72.748 16.559 4.393 1.24e-05 *** 48.2585 16.0694 3.003 0.00274 ** -6.9391 2.8646 -2.422 0.0196 *
| latitudeBands 6.878 0.597 11.521 < 2e-16 *** 6.5715 0.5917 11.106 < 2e-16 *** 1.5741 0.1642 9.585 2.43e-12 ¥**
<
8 Ul.latitudeBands -19.683 4.904 -4.014 NA 19.8238 3.8567 -5.140 NA -3.1967 0.3254 -9.823 NA
6 Residual standard error: 134.1 on 963 degrees of Residual standard error: 125.9 on 963 Residual standard error: 7.245 on 44 degrees
freedom degrees of freedom of freedom
R?:0.1372, Adj. R% 0.1345 R?: 0.1405, Adj. R% 0.1378 R2 0.7562, Adj. R? 0.7396
Boot restarting based on 6 samples. Last
Boot restarting based on 10 samples. Last fit: Boot restarting based on 6 samples. Last fit:
fit:
Convergence attained in 1 iterations (rel. change Convergence attained in 5 iterations (rel. Convergence attained in 3 iterations (rel.
2.8913e-08) change 1.5876e-08) change 6.8423e-13)
BP  Est. St.Ermr BP Est. St.Err BP Est. St.Err
psil.latitude
32 1.625 31.677 1.715 25.732 1.302
Bands
Meaningful coefficients of the linear terms:
< Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>[t]) Estimate Std. Error tvalue Pr(>|t[)
EL—K) (Intercept) 90.5093 17.9371 5.046 6.04e-07 *** 74.8876 16.1501 4.637 4.37e-06 *** -4.4272 24518  -1.806  0.078
L
s latitudeBands 5.3706 0.7681 6.992 7.45e-12 *** 47087 0.6916 6.809 2.46e-11 *** 1.2422 0.1621 7.662 1.43e-09 ***
<
T Ul.latitudeBands -12.5386 2.4236 -5.174 NA -10.9474 2.1821 -5.017 NA -2.5387 0.2408 -10.541 NA
~
% Residual standard error: 110.8 on 582 degrees of = Residual standard error: 99.78 on 582 = Residual standard error: 5.729 on 43 degrees
= freedom degrees of freedom of freedom
R?: 0.0917, Adj. R% 0.08702 R?: 0.08698, Adj. R% 0.08228 R?: 0.7225, Adj. R% 0.7031
Boot restarting based on 7 samples. Last fit: Boot restarting based on 6 samples. Last | Boot restarting based on 6 samples. Last fit:

fit:
Convergence attained in 1 iterations (rel. change Convergence attained in 3 iterations (rel. Convergence attained in 2 iterations (rel.
3.3244e-08) change 8.0977e-13) change 6.7797e-12)
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Table S3. Continuation.

Predicted Richness Observed Richness Frequency of cells
BP  Est. St.Emr BP Est. St.Err BP Est. St.Ermr
psil.latitude
29 1.719 39 1.184 42.202 0.744
Bands
Meaningful coefficients of the linear terms:
é Estimate Std. Error tvalue Pr(>|t|) Estimate Std. Error tvalue Pr(>|t|) Estimate  Std. Error  tvalue Pr(>|t])
g (Intercept) -180.695 134.183 -1.347  0.178957 68.687 54.571 1.259 0.209 -14.21928 2.43772  -5.833 3.79e-06 ***
E latitudeBands 19.371 5.511 3.515 0.0005 *** 7.576 1.660 4.564 6.92e-06 *** 0.89364 0.08071 11.072 2.44e-11***
% Ul.latitudeBands -21.912 5.775 -3.795 NA -24.473  6.692 -3.657 NA -4.46507 0.91696  -4.869 NA
i Residual standard error: 140.9 on 355 degrees of Residual standard error: 137.6 on 355 Residual standard error: 3.418 on 26 degrees
H-J freedom degrees of freedom of freedom
8 R2: 0.06868, Adj. R2: 0.06081 R2: 0.07278, Adj. R2: 0.06495 R2: 0.8422, Adj.R2:0.824
-]
L Boot restarting based on 7 samples. Last fit: Boot restarting based on 9 samples. Last Boot restarting based on 6 samples. Last fit:
fit:
Convergence attained in 4 iterations (rel. change Convergence attained in 2 iterations (rel. Convergence attained in 2 iterations (rel.
9.0925e-09) change -3.9343e-08) change 1.2113e-09)
BP  Est. St.Err BP Est. St.Err BP Est. St.Err
psil.latitude
18.392 1.308 18.341 1.27 NA
Bands
Meaningful coefficients of the linear terms:
Estimate Std. Error tvalue Pr(>|t|) Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>|t])
(Intercept) -645.95 327.34 -1.973 0.0640 . -535.00 264.72 -2.021 0.0584 1.67116  0.56349 2.966 0.0128*
% latitudeBands 55.80 20.15 2.770 0.0126 * 46.17  16.29 2.834 0.0110* 0.000682 0.01719 0.040 0.9691
< Ul latitudeBands -65.92 20.29 -3.248 NA -54.57 16.41 -3.325 NA

Residual standard error: 98.7 on 18 degrees of Residual standard error: 79.82 on 18 Residual standard error: 0.6584 on 11 degrees

freedom degrees of freedom of freedom

R2: 0.5798, Adj. R2: 0.5098 R2: 0.5925, Adj. R2: 0.5246 R2: 0.000143, Adj. R2: -0.09075

Boot restarting based on 6 samples. Last fit:
Convergence attained in 2 iterations (rel. change = Convergence attained in 2 iterations (rel.

5.5092e-13) change 2.1895e-10)
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Table S4. Regression model summaries with segmented

relationship(s)

indicating estimated Break-Point (BP) of observed and predicted richness and

frequency of well-sampled cells by latitudinal band at global scale and by region.

0 dastpee ci mo

dat

a curation

scenar ipeservatiat a

specimens and remove duplicates with identical date of collection. Significance

codes: 0

o***o6 0.

001 o**06 O

01 o6*6

Predicted Richness

Observed Richness

Frequency of cells

BP  Est. St.Emr BP Est. St.Err BP Est. St.Err
psil.latitude
39 1.463 39 1.238 25.499 1.931
Bands
Meaningful coefficients of the linear terms:
Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>|t]) Estimate  Std. Error tvalue Pr(>[t])
(Intercept) 92.6426 16.7519 5.530 4.36e-08 *** 74.1518 16.1474 4.592 5.11e-06 *** -5.6567 3.4588 -1.635  0.109
_, latitudeBands 5.5705 0.6342 8.783 < 2e-16 *** 49745 0.6291 7.907 9.00e-15 *** 14261 0.2256  6.322 1.24e-07 ***
%E Ul.latitudeBands -14.8726 4.7499 -3.131 NA -13.7619 3.6560 -3.764 NA -2.3461 0.3245 -7.230 NA
6’ Residual standard error: 123.7 on 780 degrees Residual standard error: 113.4 on 780 Residual standard error: 7.91 on 43 degrees of
of freedom degrees of freedom freedom
R?:0.1108, Adj. R% 0.1074 R?: 0.1049, Adj. R% 0.1014 R?: 0.5925, Adj. R?% 0.5641
Boot restarting based on 10 samples. Last
Boot restarting based on 10 samples. Last fit: it Boot restarting based on 6 samples. Last fit:
Convergence attained in 2 iterations (rel. Convergence attained in 3 iterations (rel. Convergence attained in 3 iterations (rel.
change 7.2973e-10) change 2.0788e-08) change 3.098e-13)
BP | Est. St.Err BP Est. St.Err BP Est. St.Err
psil.latitude
32 1.736 31.803 1.789 25.55 1.276
Bands
Meaningful coefficients of the linear terms:
< Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>It) Estimate Std. Error tvalue Pr(>[t])
% (Intercept) 95.9982 18.8791 5.085 4.99e-07 *** 79.6997 16.9653  4.698 3.29e-06 *** -4.6754 2.4667 -1.895 0.0649
% latitudeBands 5.060 0.8032 6.301 5.91e-10 *** 44329 0.7218 6.142 1.53e-09 *** 1.2630 0.1609 7.851 9.03e-10 ***
E Ul.latitudeBands -11.7771 2.4360 -4.835 NA -10.4130 2.1891 -4.757 NA -2.5517 0.2380 -10.723 NA
% Residual standard error: 110.8 on 574 degrees = Residual standard error: 99.59 on 574 = Residual standard error: 5.641 on 42 degrees
z

of freedom

R2% 0.07763, Adj. R% 0.07281

Boot restarting based on 6 samples. Last fit:

Convergence attained in 2 iterations (rel.

change 1.3953e-08)

degrees of freedom
R? 0.07433, Adj. R* 0.0695
Boot restarting based on 6 samples. Last fit:

Convergence attained in 5 iterations (rel.

change 1.6963e-13)

of freedom
R?: 0.7337, Adj. R% 0.7147
Boot restarting based on 6 samples. Last fit:

Convergence attained in 4 iterations (rel.

change 2.4648e-13)
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Table S4. Continuation.

Predicted Richness

Observed Richness

Frequency of cells

BP Est.St.Err BP Est. St.Err BP Est. St.Ermr
psil.latitu
29 1.332 29 1.341 43 1.429
deBands
<
O Meaningful coefficients of the linear terms:
g Estimate Std. Error tvalue Pr(>[t|) Estimate Std. Error tvalue Pr(>|t|) Estimate  Std. Error tvalue Pr(>[t])
E (Intercept) -354.320 127.932 -2.77 0.00618 ** -380.513 124.488 -3.057 0.00257 ** -10.7952  3.7336 -2.891 0.00847 **
% latitudeBands 27.729 5.40 5.135 7.04e-07 *** 26.917 5.254 5.123 7.46e-07 *** 0.6069 0.1232 4.928 6.28e-05 ***
i Ul.latitudeBands -37.366 6.011 -6.216 NA -36.113 5.849 -6.174 NA -3.0207 13922 -2170 NA
H_J Residual standard error: 120.9 on 187 degrees Residual standard error: 117.7 on 187 Residual standard error: 5.189 on 22 degrees
8 of freedom degrees of freedom of freedom
2 R% 0.1886, Adj. R% 0.1756 RZ 0.1873, Adj. R% 0.1743 R% 0.5689, Adj. R% 0.5101
Boot restarting based on 6 samples. Last fit: Boot restarting based on 6 samples. Last fit: Boot restarting based on 6 samples. Last fit:
Convergence attained in 1 iterations (rel. Convergence attained in 1 iterations (rel. Convergence attained in 2 iterations (rel.
change 1.6926e-06) change 3.2668e-06) change 3.5583e-06)
BP Est.St.Err BP Est.St.Err BP Est.St.Err
psil.latitu
18.456 1.123 18.388 1.094 NA
deBands
Meaningful coefficients of the linear terms:
Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>|t|) Estimate Std. Error  tvalue Pr(>|t])
(Intercept) -644.24 266.80 -2.415 0.03433 * - 534.00 217.12  -2.460 0.03171* 1.617438 0.475305 3.403 0.0114*
(47:) latitudeBands 55.66 16.42 3.390 0.00604 ** 46.08 13.36 3.449 0.00544 ** 0.001779 0.015929 0.112 0.9142
< Ul.latitudeBands -63.22 16.56 -3.816 NA -52.38 13.48 -3.886 NA
Residual standard error: 80.44 on 11 degrees = Residual standard error: 65.46 on 11 | Residual standard error: 0.534 on 7 degrees of

of freedom

R2 0.6877, Adj. R% 0.6025

Convergence attained in 2 iterations (rel.

change 2.2222e-13)

degrees of freedom
R2 0.6951, Adj. R% 0.612
Boot restarting based on 6 samples. Last fit:

Convergence attained in 2 iterations (rel.

change 1.1745e-11)

freedom

R?: 0.001779, Adj. R* -0.1408
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Table S5. Regression model summaries with segmented

relationship(s)

indicating estimated Break-Point (BP) of observed and predicted richness and

frequency of well-sampled cells by latitudinal band at global scale and by region.

6 dalt9e7 0 6

dat a

curati on

scenar.i

(O )

dat a

identical date of collection and collected after 1970. Si gni fi cance

0.001 6**6 0.01 6*6 0.05 6.6 0.1 o ©o
Predicted Richness Observed Richness Frequency of cells
BP = Est.StErr BP Est.St.Err BP Est.St.Err
psil.atitude
40.65 0.793 40.216 0.856 31.057 1.316
Bands
Meaningful coefficients of the linear terms:
Estimate Std. Error tvalue Pr(>|t[) Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>[t])
(Intercept) 52.4514 18.0086 2.913 0.0037 ** 27.4453 16.8302 1.631 0.103 -7.3004 2.5338 -2.881 0.00628 **
&I latitudeBands 6.596 0.6152 10.722 <2e-16 *** 6.3718 0.5749 11.083 <2e-16 *** 1.2853 0.1301 9.876 2.11e-12 ***
§ Ul latitudeBands -25.5641 5.9237 -4.316 NA -24.0768 5.5361 -4.349 NA -2.7157  0.2978 -9.119 NA
o Residual standard error: 120.5 on 747 degrees Residual standard error: 112.6 on 747 Residual standard error 5.896 on 41degrees of
of freedom degrees of freedom freedom
R2: 0.152, Adj. R2: 0.1488 R2: 0.1562, Adj. R2: 0.1528 R2: 0.7618, Adj. R2:0.7443
Boot restarting based on 6 samples. Last fit:
Convergence attained in 6 iterations (rel. Convergence attained in 2 iterations (rel. Convergence attained in 2 iterations (rel.
change 2.8838e-13) change 1.5521e-12) change 3.0305e-15)
BP = Est.StErr BP Est.St.Err BP Est.St.Err
psil.latitude
28 2.01 28 1.896 27.45 1.333
Bands
Meaningful coefficients of the linear terms:
<C Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>|t]) Estimate  Std. Error  tvalue Pr(>|t])
é (Intercept) 79.688 22.687 3.513 0.000497 *** 64.799  21.002 3.085 0.00218 ** -2.9504 1.9371 -1.523 0.136
<§E latitudeBands 4.688 1.025 4.575 6.43e-06 *** 4.064 0.991 4.101 5.02e-05 *** 0.8036 0.1131 7.105 1.34e-08 ***
E Ul latitudeBands -7.722 1.806 -4.276 NA -6.867 1.531 -4.485 NA -1.8292 0.1865 -9.806 NA
% Residual standard error: 95.59 on 384 degrees Residual standard error: 83.95 on 384 Residual standard error: 4.172 on 40 degrees
Z

of freedom

R? 0.06441, Adj. R% 0.0571

Boot restarting based on 8 samples. Last fit:
Convergence attained in 2 iterations (rel.

change 1.6128e-08)

degrees of freedom

R? 0.0634, Adj. R% 0.05617

Boot restarting based on 7 samples. Last fit:
Convergence attained in 2 iterations (rel.

change 9.0269e-09)

of freedom
R?: 0.7124, Adj. R? 0.7124

Boot restarting based on 6 samples. Last fit:
Convergence attained in 2 iterations (rel.

change 7.4673e-12)
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Table S5. Continuation.

Predicted Richness

Observed Richness

Frequency of cells

BP  Est.St.Er BP Est.St.Err BP Est.St.Err
psil.latitude
40 0.994 39.527 0.973 41.621 0.773
Bands
:E) Meaningful coefficients of the linear terms:
E Estimate Std. Error tvalue Pr(>|t]) Estimate Std. Error tvalue Pr(>|t[) Estimate Std. Error tvalue Pr(>|t[)
; (Intercept) 85.164 50.999 1.670 0.0959 36.207 49.391 0.733 0.464 -13.83234 2.73105 -5.065 2.83e-05 ***
E latitudeBands 6.893 1.549 4.450 1.17e-05 *** 7.375 1.5 4,916 1.38e-06 *** 0.87070 0.09216 9.447 6.83e-10 ***
o Ul.latitudeBands -23.877 6.414 -3.723 NA -25.225 6.211 -4.061 NA -4.04051 0.81046 -4.985 NA
zZ
3 Residual standard error: 124.9 on 339 degrees of Residual standard error: 121 on 339 Residual standard error: 3.707 on 26 degrees
L
% freedom degrees of freedom of freedom
x R 0.07598, Adj. R% 0.0678 R2 0.08857, Adj. R% 0.08051 R2 0.8042, Adj. R% 0.7816
L
Boot restarting based on 10 samples. Last fit: Boot restarting based on 8 samples. Last Boot restarting based on 6 samples. Last fit:
fit:
Convergence attained in 2 iterations (rel. change Convergence attained in 4 iterations (rel. Convergence attained in 3 iterations (rel.
2.2736e-08) change 1.1803e-12) change 3.8914e-11)
BP  Est.StErr BP Est.St.Err BP Est.St.Err
psil.latitude
18.361 1.226 18.289 1.176 NA
Bands
Meaningful coefficients of the linear terms:
Estimate Std. Error tvalue Pr(>[t]) Estimate Std. Error tvalue Pr(>[t]) Estimate  Std. Error tvalue Pr(>[t])
(Intercept) -604.46 282.90 -2.137 0.04842 * -502.00 227.11 -2.210 0.04199 * 1.710563 0.590344 2.898  0.0159 *
% latitudeBands 52.35 17.41 3.006 0.0083 ** 43.42 13.98 3.106 0.0068 ** -0.001451 0.018395 -0.079 0.9387
< Ul.latitudeBands -60.59 17.55 -3.453 NA -50.27 14.09 -3.569 NA
Residual standard error: 85.3 on 16 degrees of Residual standard error: 68.48 on Residual standard error: 0.6829 on 10 degrees

freedom
R? 0.5933, Adj. R% 0.517

Boot restarting based on 6 samples. Last fit:
Convergence attained in 2 iterations (rel. change

4.4878e-14)

16degrees of freedom

R% 0.6094, Adj. R% 0.5361

Convergence attained in 2 iterations (rel.

change 3.8949e-12)

of freedom

R? 0.000622, Adj.R% -0.09932
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CHAPTER 3

REPRESENTATIVENESS OF PLANT
BIOCLIMATIC NICHES BASED ON THE
BIOGEOGRAPHICAL STATUS OF
OCCURRENCE RECORDS

RONQUILLO C., STROPP J., & HORTAL J.
(SUBMITTED)







1. ABSTRACT

The geographical distributions of species are in part determined by the extent of
areas with suitable environmental conditions. The limitations, biases and
uncertainties associated with digitally available information could compromise the
use of occurrence records to proper|l
niche. Here we assess changes in the realised niche of terrestrial vascular plants
species after applying filters based on the geographical location of records
comprising their biogeographical status (native or introduced range) and range

outliers.

We used Principal Component Analyses as an ordination approach to describe
the realised bioclimatic niches of 268,081 species. Species occurrence records
were obtained from the Global Biodiversity Information Facility and classified
based on their geographical location into native and introduced ranges
(documented by Plants of the World Online) and climate classes from Képpen-

Geiger classification.

Restricting the available occurrence records to the known distributions results in

y

the misrepresentation of the speci49%0

of the species in each order presented large decreases in their realised niche
after discarding records outside of their known range of distribution. We detected
six types of niche configurations differentiating by biogeographical status but
most species only had data in native ranges. Strikingly, c. 90% of the species
with introduced ranges expanded their realised niche in the invaded areas,
evidencing that biological invasions often occur outside of the native climatic

conditions.
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The bioclimatic niche occupied by species can be altered when we filter out
records based on their hypothesised distributions. Validating these discrepancies
i n the curation process will allow us to dr

niches

2. INTRODUCTION

Understanding the dynamics of species distributions is essential for
macroecological and biogeographical studies. These distributions are in part

determined by the relationship between the presence of species and the
environmental conditions in each geographic location (Soberon & Peterson,

2005; Broennimann et al. 2012; Hortal et al. 2012). The climatically suitable areas

for a species would conform to its bioclimatic niche (Soberén, 2007), which are

constrained by the set of environmental conditions that exist in each particular

regionand mo ment of time (Guisan et al. 2014).
nichedé to refer to the set of environment al
of a given, and which we measure from species occurrence records. This realised

niche is constrained by the availability of the environment, biotic aspects,

population dynamics and dispersal limitations (Svenning & Skov, 2004; Hortal et

al. 2012; Guisan et al. 2014), and varies across taxa (Araujo, 2005). Species

realised niches are quantified from field observations and most approaches rely

on the available information provided by the species occurrences records.

Nowadays, the availability of large volumes of biodiversity data with spatial
information allows integrating a massive number of species occurrences from
across the globe and addressing historical challenges for biogeography at a

coarse resolution. Still, macroecological analyses strongly depend on the
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available data, which often have limited geographical coverage (Hortal et al.
2007; Meyer et al. 2015, 2016; Stropp et al. 2016). One of the core sources of
occurrence records is the Global Biodiversity Information Facility (GBIF), which
provides o6digital accessible informationo
2015). However, DAI is constructed from a vast amount of heterogeneous data
sources, leading to the potential inclusion of geographical gaps, errors or
mismatches in the information across different data dimensions such as
geographical, temporal or taxonomical (Boakes et al. 2010; Feeley & Silman,
2011; Meyer et al. 2016; Serra-Diaz et al. 2017; Ronquillo et al. 2020). These
biases and uncertainties compromise the representativeness of the data and may
of fer a partial description of the species
thus hampering the reliability of macroecological and biogeographical
assessments (Hortal et al. 2008, 2012; Feeley and Silman 2010; Lobo et al. 2010;

Maldonado et al. 2015).

Information on the distribution of species is often consolidated into species range
maps, which further use expert knowledge to depict also the native and
introduced range of species (Svenning & Skov, 2004). Large databases, such as
Plants of the World Online (POWO, 2024) or the Red List of Threatened Species
database (IJUCN, 2022), provide periodically updated information on such
biogeographical status for a large array of species. However, biodiversity
databases often contain species occurrence records located outside of the known
distributional range of the species, sometimes even geographically isolated from
the main cluster of information, hereafter
Meyer et al. 2016; Zizka et al. 2019). The mismatches between species

occurrence records and known distributions can be due to incorrect or outdated
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distributional maps, delays in updating natural and human-assisted changes in
the geographic distributions, or changes in the names of administrative units over
time. Also, occurrence records typically lack information on their biogeographical
status, which prevents users from differentiating between occurrences located in
their native ranges, and those placed in introduced ones (Serra-Diaz et al. 2017,
Arlé et al. 2021). Further, disambiguating such biogeographical status may
require molecular analyses and comprehensive DNA barcoding databases

(Jiménez-Garcia et al. 2023).

All this may lead to the distortion of species ranges (Hughes et al. 2021b) and
consequently species niches. To control this problem, researchers may consider
labelling the biogeographical status of occurrence records. By doing so, they can
filter records placed within either native or non-native distributions, improving
data accuracy to obtain a better definition of niche changes (Arlé et al. 2021;
Ronquillo et al. 2024). These filters may capture other sources of potential errors
in occurrence records, such as potential species misidentifications or information
about the spread of ranges in the invasion processes (Meyer et al. 2016). Yet, it
might be argued that without this distinction of biogeographical status, the results
of macroecological analyses and conservation assessments can be biased by

the inclusion of non-natives within native species ranges (Meyer et al., 2016).

The main objective of this work is to analyse the representativeness of DAI for
vascular plants concerning their realised bioclimatic niches, taking into account
both their geographical distributions and the biogeographical status of all records.
Specifically, we categorise the different configurations of the realised bioclimatic

niche of each species based on whether the records are placed within their native
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and introduced published ranges at the botanical country level based on Plants
of the World Online maps (POWO, 2024). Also, if records placed out of the known
distribution (range outliers) contribute to modifying the niche definition of species.
To do this, we compare the representation of GBIF records assigning each one
to a climate type from the available environment distinguishing by native or

introduced status.

3. MATERIALS & METHODS

Records downloading and pre-processing

We downloaded all records of terrestrial Tracheophyta occurrences from GBIF
via rgbif (Chamberlain, 2017). The download included presence records with
information of coordinates and no geospatial issues labelled and discarded
Omachine observationsé, oO0fossild and
records from botanical gardens). This process was done separately for each
order (see Supporting Information Table S1, GBIF.org a-w, 2023) due to
computational restrictions. For each dataset, we validated and filtered data
following some of the steps included in the guide for curating species occurrence
records (Ronquillo et al. 2024). Specifically, the geographical check discarded
records with latitude and/or longitude equal to zero or the exact same value in
both fields. We kept only records whose coordinates presented at least one
decimal digit. We discarded records with coordinates coinciding with capital and
country centroids, records located near research institutions, and those located
in the ocean. Then, we kept only records placed in the exact same country

assigned by collectors. For the taxonomic validation, we kept records identified
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at species and subspecies level or varieties. The information included in the
06scientificNamed field was then harmoni sec
Vascular Plants (WCVP, Govaerts et al. 2021) using rwWCVP R package (Brown
et al. 2023). This non-supervised method led us to establish a strict threshold
keeping only those records whose species 1
(version 10) and a match type OExact (with
match similarity higher than 0.95. No temporal filtering was applied, and after the
geographical and taxonomic filtering we discarded duplicate information based
on the coordinate values and WCVP accepted species name (see Supporting
Information Table S1 for occurrence numbers before and after the pre-

processing).

Each validated and non-duplicated record was classified as native or introduced

according to the geographical match between its location and the expert-based

distribution maps from Plants of the World Online (POWO, 2024) at botanical

countries level 3 ('WCVP, Brown et al. 2023). POWO defnes a &énati vebd bof
country as those areas where the plants have been present since before the last

ice age or arrived by natur al col onisation
defined as those where the plant species were accidentally or deliberately

introduced by humans, including hybrids but not the cultivated/planted ones with

no self-reproduction. We classified records that were located outside of POWO

species distribution maps as oO6range outlie
duplicated points (less than five of them in their native or introduced range) were

not considered for the niche analyses (O0not
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We also identified the predominant type of climate occupied by each species
based on the five main classes of the Koppen-Geiger classification (arid, tropical,
temperate, cold and polar). We overlapped all selected records with the global
map of current climate types at 1 km resolution (Beck et al. 2018, 2023). Then,
we repeated the overlap using a subset of the records placed in their native area
of distribution. Species with more than 40% of their records in two climate classes

were assigned to both categories.

Representativeness of the realised bioclimatic niche

For this study, we calculated the realised bioclimatic niches of species by using
ordination techniques (Broennimann et al. 2012) to create the multidimensional
space derived from the occupied geographic space (e.g., Varela et al. 2014;
Sobral-Souza et al. 2021; Coelho et al. 2023). The multivariate bioclimatic space
for all terrestrial areas of the world summarised through Principal Components
Analysis (PCA) of the 19 bioclimatic variables and the aridity index variable from
CHELSA (version 2.1; Karger et al., 2018; Brun et al., 2022) at 50 x 50 km grid
cell resolution (geographic coordinate system). By reducing this information, the
first two axes of the PCA represented 0.74 of the cumulative variability. Then, the
space defined by these two PCA axes was binned by dividing these values into
equal-area cells within the PCA space. These bins correspond to different
oclimate typesd that provide a classificat
(Guisan et al. 2014) (Fig.1). We conducted this binning at two different scales.
One divided the two axes into 0.2 x 0.2 cells (n = 613) as a fine resolution that

can capture more differences between the bioclimatic domains used by each

species, and the other divided the two axes into 0.5 x 0.5 cells (n = 138) to provide
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a coarser description of speciesd bi
cell representing a unique set of climate conditions (climate type) may be
observed in one or several geographic locations (Coelho et al. 2023). Thus, we
assigned each species occurrence record to its corresponding cell of the
multivariate bioclimatic space based on the values of PCA1 and PCA2 in its
geographic location (see Ronquillo et al. 2020 and Sobral-Souza et al. 2021 for

similar approaches).

We obtained which cells occupied each species, differing between records within
the native range and introduced range, as well as identifying range outliers. Then,
we established seven hypothetical assemblages based on the spatial
combination of native and introduced niche cells, and naming them after the
terms in Guisan et al. (2014) (Fig. 1), as follows. All these configurations may

include environmental outliers, and corresponded to: (a) species whose records

oc |

are located either in theirnati ve range (O6native niched)

whose native niche does not overlap with the introduced niche (i.e. niche
expansion); (c) whose records located in the introduced range occupy climatic
conditions also available in the native niche (i.e. niche stability); (d) whose native
and introduced records partially occupy the same part of the available
environment but do not completely overlap (i.e. niche expansion); (e) whose
records located in the native range occupy climatic types of the available
environment that are already represented in a larger introduced niche (i.e. niche
expansion); (f) with no (or less than 5) GBIF records placed in their native range
so the information only allows to establish the introduced niche of the species;
and (g) whose native and introduced records occupy the exact same realised

niche (i.e. niche stability).
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4. RESULTS

We downloaded 343,502,170 records from GBIF. After data curation and
filtering, the number of validated records decreased to 159,936,306 (see
Supporting Information Table S1). These records accounted for the occurrence
of 268,081 accepted Tracheophyta species from 81 accepted orders. Our data
included all the orders of Lycopodiopsida (Isoetales, Lycopodiales and
Selaginalles in PPG 1, 2016) and vascular ferns (Cyathales, Equisetales,
Gleicheniales, Hymenophyllales, Marattiales, Ophioglossales, Osmundales,
Polypodiales, Psilotales, Salviniales and Schizaeales in Nitta et al. 2022), as well
as six out of the eight Gymnosperm orders (see Yang et al. 2022) being
Araucariales and Cupressales absent. For the angiosperm orders, we included
61 out of the 64 accepted in The Angiosperm Phylogeny Group (2016) because

Huertales, Sapindales and Oxidales had no information on GBIF available.

The classification of each species in their corresponding climate space
assemblage led us to discard 116,644 species (43.51%), which were not
evaluated because they presented less than 10 different valid and unique
occurrence records. More than half of the species were not assessed for
Arecales, Asparagales, Canellales, Cucurbitales, Gunnerales, Isoetales,
Marattiales, Pandanales, Piperales and Zingiberales (Fig. 2). Most of the rest of
species (145,243) only occupied native ranges (Fig. 3a), being also the majority
for each order except for the species-poor Gingkoales (1 spp) and Acorales (2
spp) orders. There were 398 species that presented non-overlapping niches for

their native and introduced ranges (Fig. 3b).
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Figure 2. Proportion of species by order in each niche configuration. (a) Native,
(b) native niche does not overlap the introduced niche, (c) the introduced niche
is included into the native niche, (d) both native and introduced niches patrtially
overlap, (e) native niche is included into the introduced niche, (f) only information

to represent the introduced niche.
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The number of species that had their introduced niche represented within the
native niche was 693 (Fig. 3c) while 4,874 species shared partially the bioclimatic
niche occupied by introduced and native ranges (Fig. 3d). Fourty-five species
expanded their introduced bioclimatic niche beyond the bioclimatic native niche
(Fig. 3e). Finally, for 184 species, no data were available in GBIF for their native
ranges so the bioclimatic niche was only defined by occurrence records located
in the introduced range (Fig. 3f). In addition, no species were showing a
configuration with exactly the same bioclimatic niche occupied by native and

introduced cells (Fig. 19)

By order, the proportion of the available environment occupied by cells was
similar at both resolutions (see Supporting Information Table S2), yet, 0.5 x 0.5
cells cover a bigger proportion (Supporting Information Fig. S1). The largest
changes between resolutions were observed in Gunnerales, Pandanales and
Paracryphiales, occupying respectively 13.7%, 12.8% and 15.7% more of the
available environment than at 0.2 x 0.2 resolution. The use of different scales
also led us to obtain different bioclimatic niches when evaluating species
individually (Supporting Information Fig. S1), particularly for those species with
records distributed along introduced ranges that occupy part of the niche near the
native one. However, the finest resolution gave us more detail of potential

differences in the occupied climate.
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Figure 3. Examples of each hypothesised spe

0.2 resolution and maps (Mollwide projection) based on the presence of species
occurrences in their native (yellow) or introduced (blue) botanical countries; the
grey area corresponds to the available environment. (a) Native (Sorbaria
grandiflora); (b) native niche does not overlap with the introduced niche
(Stauntonia hexaphylla); (c) introduced niche is included into the native niche
(Cordia dentata); (d) both native and introduced niches partially overlap (Linaria
vulgaris); (e) native niche is included into an expanded introduced niche
(Hippobroma longiflora) and (f) there was only information to represent the
introduced niche (Cotoneaster rehderi).
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The proportion of <cells of the specieso

the native range was significantly greater when excluding both the environmental
outliers and introduced niche cells than when excluding only the introduced cells
(Wilcoxon signed-rank test p-values < 0.05, see Supporting Information Table
S3). This occurred at both resolutions for most orders but it was not significant
(p-values > 0.05) for Acorales, Amborellales, Berberidopsidales, Ceratophyllales,
Ginkgoales, Petrosaviales, Trochodendrales, Vahliales and Welwitschiales (see
Fig. 4 for 0.2 x 0.2 cells and Supporting Information Fig. S2 for 0.5 x 0.5 cells); all
these orders have small numbers of species (between 1 and 6 each; Supporting

Information Table S4).

In general, the proportion of species with environmental outliers, cells in available
environment defined only by range outliers, (see Fig. 5) presented high variability
by order. Nevertheless, it is noteworthy that they represented 83% of the species
from Equisetales and 68% from Osmundales and Pinales (Supporting
Information Table S4). Indeed, while less than 3% of the species had more than
half of their realised niche defined by range outliers, for Pinales and Cycadales
this value increased to 7% and 10% of their species, respectively (Supporting

Information Table S4).

Most of the species assessed occupied regions of temperate climate, a trend that

was also observed across the configurations of speciesd6 bi ocl i mat i

c

n

bi

ct

6) . However, this was not theevcvakleatfte®doothe

analyses (with 1-9 records), which were mostly located in tropical areas, albeit

closely followed by the temperate climate class (Supporting Information Fig. S3).
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Figure 4. Distribution per order of the proportion of 0.2 x 0.2 cells selected after
discarding their introduced range (purple), and after discarding their introduced
range and range outliers (orange). Vertical lines indicate quartiles of the
distribution (note that in the purple area, the three quartiles are placed in 1.00 for

all orders).
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