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Ecography Understanding geographic ranges and species distributions is crucial for effective con-
2025: 07246 servation, especially in the light of climate and land use change. However, the spa-
doi: 10.1111/ecoe.07246 tial, temporal and intraspecific resolution of digital accessible information on species

e & distributions is often limited. Here, we suggest to make better use of high-resolution

Subject Editor: Dominique Gravel tracking data to address existing limitations of occurrence records such as spatial biases
Editor-in-Chief: (e.g. lack of observations in parts of the geographic range), temporal biases (e.g. lack of
Dominique Gravel observations during a certain period of the year), and insufficient information on intra-
Accepted 14 February 2024 specific variability (e.g. lack of population- or individual-level variation). Addressing

these gaps can improve our knowledge on geographic ranges, intra-annual changes in
species distributions, and population-level differences in habitat and space use. We
demonstrate this with tracking data and species distribution models (SDMs) of the
barnacle goose, a migratory bird species wintering in western Europe and breeding in
the Arctic. Our analyses show that tracking data can 1) supplement occurrence records
from the Global Biodiversity Information Facility (GBIF) in remote areas such as the
European and Russian Arctic, 2) improve information on the temporal use of winter-
ing, staging and breeding areas of migratory species and 3) be used to reveal distribu-
tion patterns at the population level. We recommend a broader use of tracking data
to address the Wallacean shortfall (i.e. the incomplete knowledge on the geographic
distribution of species) and to improve forecasts of biodiversity responses to climate
and land use change (e.g. species vulnerability assessments). To avoid common pitfalls,
we provide six recommendations for consideration during the research cycle when
using tracking data in species distribution modelling, including steps to assess biases
and integrate information on intraspecific variability in modelling approaches.

Keywords: animal movement, biodiversity, global change, macroecology, range shifts,
spatial dynamics

Introduction

Accurate information on species distributions is crucial for effective conservation man-
agement (Whittaker et al. 2005) and for predicting the impacts of climate and land-use
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change on biodiversity and ecosystems (Guisan and Thuiller
2005, Elith and Leathwick 2009, Chen et al. 2011). The
availability of high-resolution climate and land-cover data has
increased exponentially over the last 20 years (Overpeck et al.
2011, Kemp et al. 2012), but the digital accessible infor-
mation on species distributions with high spatial, temporal
and intraspecific resolution remains limited. For instance,
broad-scale studies often rely on expert-based range maps
which do not represent species distributions at the spatio-
temporal resolution that is relevant for policy, management
and conservation (Rondinini et al. 2006, Hurlbert and Jetz
2007, Boitani et al. 2011). While species observations from
museum collections, structured in situ monitoring schemes
and citizen science portals can partly fill this gap, they also
show spatial and temporal observation biases and typically
lack information on intraspecific variability (Boakes et al.
2010, Hochachka et al. 2012, Meyer et al. 2015). Here, we
suggest to make better use of high-resolution tracking data to
address these biases and to fill existing knowledge gaps.

Limitations of occurrence records

Occurrence records, comprehensively provided through the
Global Biodiversity Information Facility (GBIF; Edwards etal.
2000), are often spatially biased, i.e. they lack observations in
parts of the geographic range of a species (Fig. 1a). At the
global scale, occurrence records from GBIF are typically
biased towards the US, western Europe and Australia, while
other regions often have poor coverage (Meyer et al. 2015).
Incomplete knowledge on species distributions is often caused

Wintering range

Staging areas

Breeding range

by differences in sampling effort and limited accessibility of
certain areas to observers (Hortal et al. 2015, Monsarrat et al.
2019, Bowler et al. 2022). Such spatial sampling biases can
affect estimates of a species’ ecological niche (Hortal et al.
2008) and impact predictions of the current and future dis-
tribution of species (Rocchini et al. 2011). Consequently,
important areas could be overlooked, the response of species
to climate and land use change might be wrongly modelled,
and the effectiveness of conservation efforts might be reduced
(Rondinini et al. 2005).

Besides spatial biases, occurrence records are often also
temporally biased, i.e. species might only be observed dur-
ing a certain period of the year (Fig. 1b). This can hamper
our understanding of the temporal dynamics and environ-
mental determinants of species distributions and thus com-
promise effective conservation (Fink et al. 2010). Temporal
biases can arise from seasonal variation in detectability if
species are more conspicuous in certain times of the year
(e.g. when showing territorial behaviour before breeding or
when aggregating in flocks during winter) or if they are dif-
ficult to detect in other periods such as during breeding or
hibernation (Isaac and Pocock 2015, Smeraldo et al. 2018).
Moreover, species detectability can vary across seasons due
to variation in weather conditions (e.g. cloud cover and
fog), which affect visibility and thereby the probability of
detection (Packard et al. 1985, Pollock and Kendall 1987,
Hyrenbach et al. 2007).

Since occurrence records are usually documented at the
species level, they typically lack information on intraspecific
variability among populations or individuals of the same
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|:] Tracking data (population A)
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(@)  Spatial observation bias

Occurrence records are only available for part of
the breeding range, because most of the breeding
range is inaccessible to humans. Tracking data is

available throughout the entire breeding range.
(b) Temporal observation bias

Occurrence records available for March—April reveal

one staging area. Tracking data reveals two
additional staging areas that are used in May.

(c) Intraspecific variability

c,: Tracking data reveals that the breeding
range is occupied by two populations (A
and B) which have separate breeding
areas and use different staging areas.

c,: Although occurrence records cover the
entire wintering range, tracking data
reveals that the wintering range is
occupied by two different breeding
populations that only partly overlap.

Figure 1. Geographic range dynamics and observer biases of a hypothetical migratory animal within one migratory season. In winter
(January—February, blue), occurrence records and tracking data cover the whole wintering range, but tracking data can reveal differences
between populations. During spring migration (March—June, grey to orange), populations might have different staging areas which are only
identified with tracking data. During summer (July, red), some breeding locations are captured by both occurrence records and tracking
data, but the spatial separation of populations is only revealed by tracking data. Tracking data can thus address (a) spatial observation biases,

(b) temporal observation biases, and (c) intraspecific variability.

Page 2 of 12

85U8017 SUOLILLOD BAE81D 3dfed!|dde ayy Aq pausenob a1e s O ‘8sn JO SNl 10} ArIqiT 8UIIUO A1 LD (SUONIPUCD-PUe-SLLBY WO A8 | 1M ATRIq 1 BUI|UO//SANL) SUORIPUOD PUe SWiB | 8U1 88S *[9202/20/2T] U0 Akeidiauluo A8|IM eeyiol(qigseIs BAIUN BAN Aq 94206008 TTTT 0T/10p/w0o" A8 1M Ake.q 1 jpuljuo'S eunofosuy/:sdny wiouy papeojumod ‘€ ‘5202 ‘2850009T



species. Increasing evidence suggests that individual and
population-specific responses to environmental variation
in activity, reproduction and survival can affect population
dynamics and species distributions (Pontes-da-Silva et al.
2018, Herrando-Pérez et al. 2019, Bailey et al. 2022). This
can affect genetic variation within species (McKenzie et al.
2021), often referred to as local adaptation (Valladares et al.
2014). It also represents behavioural differences (Foster
1999, Herczeg and Vilimiki 2011), such as differences in
migration tendency or strategy (Madsen 2001, Wheat et al.
2017, Lundblad and Conway 2020). For instance, differ-
ent breeding populations might use different staging sites
(Delmore et al. 2012, Szczys et al. 2017), use the same stag-
ing site during different time periods (Piersma et al. 1994),
or occupy different parts of the breeding or wintering range
(Fig. 1¢). This intraspecific variation can play a vital role in
understanding the ability of species to adapt to changing
environments (Moran et al. 2016, Mimura et al. 2017).

Potential of tracking data for species distribution
research

Addressing spatiotemporal limitations of occurrence records
is particularly relevant for highly mobile animals because it
is challenging to obtain representative occurrence informa-
tion for animals that move over large distances and occupy a
variety of habitats over the annual cycle (Runge et al. 2014).
For example, ungulates use different forest types in winter and
summer (Zweifel-Schielly et al. 2009) or move from forests to
open habitats (Marell and Edenius 2006), while birds use stop-
over areas to replenish body stores during migration between
wintering and breeding grounds (Drent et al. 2007, Alerstam
and Bickman 2018). Spatiotemporal biases in occurrence data
become especially evident when detection probability differs
among different habitats or when animals spend part of the
year in areas that are inaccessible to observers.

Tracking data can provide important information in such
situations. Rapid advances from radio tags and antennas to
automated satellite tracking (Kays et al. 2015) now allows
transmitting data through satellite or cellular networks and
recharging batteries using solar energy. This has increased
data frequency and the types of data collected with track-
ing devices, making it possible to track individuals over the
full annual cycle. The frequency of positional information has
increased from one position per day to a position every few
minutes, and positional uncertainty has decreased from 30
km (for ground based receiver methods) to < 20 m (for GPS
tracking) (Bridge et al. 2011). These technological advances
have led to an exponential increase in tracking data with high
spatial (< 20 m) and high temporal resolution (> 20 posi-
tions day™' over the full year) (Bridge et al. 2011, Kays et al.
2015). While this has facilitated new discoveries in animal
movement ecology, the available datasets have not yet been
widely used for studying the spatiotemporal and intraspecific
variability of species distributions.

High-resolution tracking data are now increasingly avail-
able through data storing and sharing platforms such as

Movebank (Kranstauber et al. 2011). Movebank stores track-
ing datasets in a specific format (Van der Kolk et al. 2022)
that includes information on position (e.g. date, time, lati-
tude, longitude), tracking devices (e.g. manufacturer, tag
model, weight), deployments (e.g. deployment method,
start/end date), additional measurements (e.g. accelerom-
eter, magnetometer) and individuals (e.g. unique identifier,
sex, age). This information becomes relevant when tracking
data are used for studying intraspecific variability in species
distributions.

Tracking data have already proven their usability in species
distribution research by providing occurrence information
from inaccessible areas, enabling the discovery of new migra-
tion routes (Zi-Jian et al. 2020), breeding sites (Madsen et al.
2023) and wintering areas (Davies et al. 2021). The increased
longevity of tracking devices also opens up novel ways of
studying temporal changes in species distributions over the
full annual cycle (Schumm et al. 2021, Piironen 2023).
Furthermore, tracking data provide occurrence information
at the level of the individual, which can be used to study
different populations and intraspecific variability in species
distributions (e.g. individual and population differences in
space use) (Chambault et al. 2021, Morera-Pujol et al. 2023).

Tracking data reveal the spatiotemporal distribution
of an Arctic migratory bird

We use tracking data and species distribution models (SDMs)
of the barnacle goose Branta leucopsis to demonstrate how the
spatial, temporal and intraspecific resolution of species dis-
tribution information can be improved. The barnacle goose
is a well studied migratory bird species wintering in western
Europe and breeding in the Arctic (van der Jeugd et al. 2009,
Black et al. 2014) and has been tracked with GPS transmit-
ters since 2004 (Shariati-Najafabadi et al. 2014, Kélzsch et al.
2015, Lameris et al. 2018, Boom et al. 2023). Besides the
Arctic, the species has recently established new breeding pop-
ulations at stopover sites and temperate wintering grounds,
where birds have become short-distance migrants or residents
(van der Jeugd et al. 2009). Populations mix on the wintering
grounds, while the wintering and stopover areas used by the
Arctic breeding populations also host local breeding popula-
tions. In such situations, the use of GBIF occurrence records
for studying the spatiotemporal distribution of this species is
limited because it is impossible to discriminate individuals
belonging to different breeding populations in the field.

To demonstrate the added value of tracking data, we first
retrieved GBIF occurrence records using the R-package ‘rgbif’
(Chamberlain and Boettiger 2017). We selected all occur-
rence records of barnacle geese between 2000-2023 with a
positional uncertainty < 1000 m (about 42% of the available
records) to match the spatial resolution of climate data com-
monly used in species distribution research (Hijmans et al.
2005). The spatial extent was limited to 50-85°N and
0—-60°W, which covers the wintering, migration and breeding
range of barnacle geese breeding on Svalbard (Norway) and
along the Barents Sea coast (Norway and Russia).

Page 3 of 12

anss| [e1ads AydesSoagorg anndipaig

85U8017 SUOLILLOD BA81D 3ol |dde ayy Aq pausenob ae s O 8sn JO sl 10} ArIqiT 8UIIUO A1 LD (SUONIPUCD-PUe-SLLBY WO A8 | 1M ATRIq 1 BUI|UO//SANL) SUORIPUOD PUe SWiB | 8U1 88S *[9202/20/2T] U0 Akeid1auluo A8|IM eeyiol(qigsieIs BAIUN BAN Aq 97206008 TTTT 0T/10p/W0o" A8 1M Akeiq 1 jpul{uo'S euINnofosu//:sdny wouy papeojumod ‘€ ‘5202 ‘2850009T



Predictive Biogeography Special Issue

We further obtained all downloadable datasets from
Movebank with GPS-tracking data of barnacle geese belong-
ing to the Svalbard or Barents Sea breeding populations (with
estimated population sizes of 38 000 and 1.2 million, respec-
tively; Fox and Leafloor 2018). This included four studies
between 2006-2023 with a total of 111 tracked individuals,
of which 21 were from the Svalbard (Griffin 2014) and 90
from the Barents Sea breeding population (van der Jeugd et al.
2014, Heim et al. 2022a, Garthe 2023). Three of the four
studies were open access (CC_BYO license). For the other
(Griffin 2014), we obtained the permission to use the data. All
tracking locations were within the spatial extent of the GBIF
records (50—-85°N and 0-60°W). We used the R-package
‘movepub’ (Desmet 2023) to convert tracking data to the
Darwin Core (DwC) standard (Wieczorek et al. 2012). This
down-samples the high-frequency movement records to the
first record per hour, provides generic DwC terms (e.g. sam-
plingProtocol, coordinateUncertaintyInMeters) for all vari-
ables in the tracking datasets (Van der Kolk et al. 2022), and
identifies which observations belong to the same individual.

A comparison of barnacle geese records from GBIF and
Movebank revealed that the density of GBIF records is par-
ticularly high in southern Scandinavia (Denmark, southern
Sweden, south coast Norway) (Fig. 2a) whereas tracking data
have density peaks at various staging sites along the migratory
route and in the winter and breeding areas (Fig. 2b). GBIF
records are almost absent from major staging and breeding
areas in the White Sea coast, Kanin Peninsula, Kolguev and
Novaya Zemlya (inset e in Fig. 2a and southwest of it) whereas
these areas are well represented in the tracking records (inset h
in Fig. 2b and southwest of it). GBIF does contain a consid-
erable amount of occurrence records on the rather accessible
Arctic archipelago Svalbard (northernmost island in Fig. 2a),
buct tracking records show much higher densities along the less
accessible southwestern coastline of Svalbard (Fig. 2b).

Tracking records revealed several additional insights into
the temporal and seasonal dynamics of barnacle geese. For
instance, GBIF records from the wintering and staging areas
indicate a strong presence of barnacle geese in the summer
period (arrow 1 in Fig. 2¢—d), but tracking records show
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Figure 2. Comparison of available occurrence records and tracking data for the barnacle goose Branta leucopsis. (a) Density of occurrence
records available from the Global Biodiversity Information Facility (GBIF). (b) Density of tracking data, including records with a positional
uncertainty < 1000 m for 111 individuals retrieved from Movebank. In both (a) and (b), the spatial resolution of grid cells is 0.3° and insets
refer to areas used in the histograms of (c—h). (c) GBIF records from wintering area. (d) GBIF records from staging area. (e) GBIF records
from the Russian breeding area. (f) Tracking records from wintering area. (g) Tracking records from staging area. (h) Tracking records from
the Russian breeding area. Arrows with numbers highlight time periods with specific phenomena: (1) potential records of resident breeding
birds, (2) low sampling effort (few individuals tracked or low frequency sampling) and (3) high sampling effort (due to an increased number

of individuals tracked or high frequency sampling).
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that migratory individuals of barnacle geese are absent dur-
ing this period (Fig. 2f~g). The summer observations of bar-
nacle geese (from GBIF) are most likely observations of local
breeding birds (Eichhorn et al. 2006, van der Jeugd et al.
2009) which could impair an analysis of staging sites during
migration based on these records. Tracking records therefore
reflect more accurately the temporal use of wintering, staging
and breeding areas by migratory populations, including their
relevant environmental conditions.

Tracking records also have limitations. For example, the
presence of migratory individuals appears to be low in win-
ter (arrow 2 in Fig. 2f) and particularly high in September
(arrow 3 in Fig. 2h). This is caused by a low number of
birds being tracked during winter and a large number of
individuals being tracked during migration (Kélzsch et al.
2015, Shariati-Najafabadi et al. 2016, Heim et al. 2022a, b).
While tracking data is often collected throughout the entire
year, published datasets in Movebank may only reflect the
study period of the published paper (e.g. autumn migration).
Additionally, lack of sunlight in winter often limits battery
recharge, causing GPS transmitters to have a low sampling
regime (i.e. a lower number of records). Studying species
distributions based on tracking records therefore requires to
thoroughly consider the details of the research underlying
the datasets.

Using tracking data to understand intraspecific
variability

Individual and population-level variation can be impor-
tant when modelling species—environment relationships
(Bolnick et al. 2003, Hillfors et al. 2016, Chambault et al.
2021). This requires population-specific observations which
can come from tracking data because they offer the ability
to differentiate between populations that are otherwise indis-
tinguishable in the field. This distinction enables analyses of
population-specific space use, even during stopovers and in
breeding areas where populations (partly) mix (Madsen et al.
2023, Bom et al. 2024). Using SDMs with tracking data from
the barnacle goose breeding areas (July records), we tested
whether environmental correlates differ between the Svalbard
and Barents Sea populations (Fig. 3). We used tracking
records of both populations separately (hereafter population-
specific SDMs) or combined (hereafter 2-population SDM)
together with 19 bioclimatic variables (Hijmans et al. 2005).
After converting the tracking records to the DwC standard,
we applied a simple speed filter (to exclude flying behaviour)
and spatial thinning (to reduce spatiotemporal autocorrela-
tion) to make them suitable for the SDMs (details reported
following the ODMAP (overview, data, model, assessment,
prediction) protocol (Zurell et al., 2020) in the Supporting
information).

The 2-population SDM predicted the suitable breed-
ing areas of both populations (Fig. 3a) whereas the popula-
tion-specific SDMs predicted the Svalbard and Barents Sea
populations within their population-specific breeding range
(Fig. 3b). Compared to the population-specific SDMs, the

2-population SDM predicted less suitable area on Svalbard
(i.e. missing breeding areas at the Nordenskioldkysten on the
west coast of Spitsbergen, Svalbard, Black et al. 2014) and
more suitable areas on Novaya Zemlya (Fig. 3c). Moreover,
the 2-population SDM obscured the relationships with
environmental variables as revealed from the population-
specific SDMs (Fig. 3d). For instance, the mean tempera-
ture of the driest quarter was the most important variable
for the Svalbard population, but the 2-population SDM did
not reveal this effect (Fig. 3d). Similarly, precipitation of
the coldest quarter was the most important variable for the
Barents Sea population but was not revealed in the 2-popula-
tion SDM (Fig. 3d). More generally, response curves showed
that the strong environmental effects in the 2-population
SDM were generally driven by a strong environmental effect
in one of the populations but not in the other (Supporting
information). This may imply that a multi-population SDM
approach might be appropriate to capture the broad-scale
species—environment relationship, but it might be insuffi-
cient to reveal the specific conditions at the breeding grounds
of populations with different migration routes. Migratory
birds like geese have the ability to accumulate body reserves
during migration which depend on the number and quality
of stopovers and total migration distance (Alves et al. 2012,
2013, Rakhimberdiev et al. 2018). This constrains under
which environmental conditions they can breed (Drent et al.
2006). Such ecological differences among populations (e.g.
breeding habitat, migration strategy, genetics etc.) likely
affect the magnitude of the differences between a population-
specific and population-combined approach (Hillfors et al.
2016), with smaller differences among ecologically more sim-
ilar populations. Conversely, population-level distributions
might be shaped by other factors than abiotic factors alone
(e.g. historical migration routes), which can in turn obscure
the species—environment relationship. In case population-
specific responses are unknown, applying both a multi-popu-
lation and population-specific SDM approach might provide
novel insights (Hillfors et al. 2016), for which tracking data

can play a crucial role.

Recommendations for using of tracking data in
species distribution research

Our study of the barnacle goose exemplifies the poten-
tial of tracking data for filling gaps in species occurrence
information. However, our findings also reveal limitations
in available tracking data, such as uneven data availabil-
ity over the year or a limited number of tracked individu-
als. This can affect the representativeness of tracking data
for species distributions. Ideally, tracking data and other
occurrence records would therefore be integrated, leverag-
ing the strengths of different data sources to reduce pre-
diction uncertainty. Existing data integration frameworks
focus on the tradeoff between data quality and quantity
and are mostly designed to deal with structured moni-
toring data and opportunistically collected occurrence
records (Pacifici et al. 2017, Isaac et al. 2020). Structured
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Figure 3. Arctic breeding areas of the barnacle goose B. leucopsis predicted from species distribution models (SDMs). (a) Presence—absence
prediction from a SDM using both populations combined. (a) Presence—absence prediction of two SDMs using populations separately. (c)
Differences between (a) and (b). (d) Relative variable importance of the three models (mean + SE). See the Supporting information for

model details and response curves.

monitoring data is of high quality and provides informa-
tion on different individuals (e.g. territories), but are often
sparsely available. Opportunistically collected records (e.g.
citizen science data) are more widely available but of lower
quality (positional uncertainty, uncertainty on species iden-
tification), with the same individuals potentially observed
multiple times. In contrast to these data sources, high-
resolution tracking data provide large quantities of high-
quality positions of the same individuals. This comes with
new challenges such as individual spatiotemporal autocor-
relation and representativeness of individuals, which are not
addressed in existing data integration or modelling frame-
works. New methods may therefore be needed to integrate
tracking data with other occurrence data, allowing for their
combined use in species distribution models. In the absence
of such methods, it is imperative to assess and mitigate the
tracking data specific challenges to enable the implementa-
tion in species distribution research.

From our own experience and related literature, we pro-
vide a number of recommendations for use of tracking data
in species distribution research (Table 1). First, it is important
to understand the potential biases in tracking data during the
darta exploration phase (step 1 and 2 in Table 1). Such biases
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derive from the specific research aims or other peculiarities
of the underlying study (e.g. transmitter failure, mortality
of tracked individuals, tagging locations). A small number
of less biased tracks (e.g. from other tagging locations, or
covering the full annual cycle) can already be sufficient to
overcome such biases (O Toole et al. 2021). Second, aspects
of temporal and spatial autocorrelation need to be addressed
during data processing (step 3 and 4 in Table 1). Reducing
temporal autocorrelation can be done by resampling to lower
frequencies (Lombardi et al. 2022), and should take daily
movement routines (e.g. regularly revisited resting locations)
and specific movement behaviours of the study species (e.g.
fast or slow movements, long or short distances) into account
(Boyce et al. 2010, Lombardi et al. 2022). Spatial autocor-
relation in tracking data can be reduced through spatial thin-
ning at the level of each individual (Aiello-Lammens et al.
2015, Steen et al. 2021) or by applying speed filters which
can exclude specific movement behaviours (e.g. flying)
(Carter et al. 2016). Third, investigating intraspecific varia-
tion during model fitting (step 5 in Table 1) is important
because species show differences in the degree of variation
among populations and individuals. Exploring individ-
ual variation in spatial distributions of tracking data (e.g.
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Table 1. Overview of six recommendations for incorporating tracking data into species distribution research across various stages of the

research cycle.

References with

Workflow background, frameworks
part Steps  Recommendation Explanation Examples and methods
Data 1 Understand the Tracking data is often Heim et al. (2022b) - Kays et al. (2015) give a
exploration research aims of collected to answer a investigated the spatial comprehensive
the original specific question. behaviour of geese at a background on the use of
tracking study Accessible tracking stopover, presenting tracking data in
datasets might thus be tracking data that movement ecology
restricted in terms of specifically covers the - Williams et al. (2020)
spatial extent, time migration period. However,  provide a framework to
period, population or the dataset is constrained categorize movement
individuals. Furthermore, in time, which limits the ecology studies in relation
tracked individuals might usability for examining to available tracking
haven been subjected to wintering or breeding (biologging) techniques
experimental treatments distributions. Furthermore,
related to the research the study incorporates
aim. This can influence experimental disturbance
the outcome of species of tracked geese to
distribution models. manipulate local space
Knowledge on the use, making the dataset
original aim of the study less suitable for small-scale
is needed to be able to distribution analyses
assess the use of a
tracking dataset for
species distribution
research
2 Assess potential Besides potential spatial By constructing species — Scarpignato et al. (2023)
biases in the and temporal biases in distribution models based give a comprehensive
tracking data available tracking data on simulated tracks with background on species
due to specific research multiple biases, characteristics affecting
aims (see step 1), gaps in O'Toole et al. (2021) show the availability of tracking
data can also occur due that a bias in tagging data
to transmitter failure, location and track length — O'Toole et al. (2021)
mortality of tracked (due to tag failure or provide an overview of
individuals, or specific mortality) can have a large the impact of common
tagging locations. Such impact on model biases, including
biases can compromise performance. Both biases suggestions to address
the usability of the led the models to capture these
tracking dataset for area-specific
modelling species environmental
distributions relationships, resulting in
poor predictive
performance at broader
spatial scales
Data 3 Address temporal For many behavioural and ~ Lombardi et al. (2022) used - Boyce et al. (2010)
processing autocorrelation movement ecology tracking data of ocelots demonstrate methods to

studies, tracking data is
gathered at a high
temporal resolution, and
is therefore temporally
autocorrelated. Such
high-frequency data is
generally not necessary
for species distribution
research and actually
violates the assumptions
on statistical
independence which
underly many modelling
approaches, thereby

affecting model outcomes

Leopardus pardalis in
MaxEnt models to examine
temporal autocorrelation
across positions at various
time intervals (0.5-12 h)
and its influence on
species-covariate
relationships. Their findings
indicate variation in
species-covariate
relationships among
models with different
positional time intervals.
Data with time intervals of
2 h and longer showed
similar autocorrelation
patterns and predictive
performance

assess periodicity in
tracking data

— Lombardi et al. (2022)
provide a methodological
approach to estimate the
appropriate time interval
between subsequent
occurrences

— Desmet (2023) provides
an R-package ("Movepub’)
which stores tracking data
as hourly occurrence
records in the Darwin
Core format

(Continued)

Page 7 of 12

anss| [e1ads AydesSoagorg anndipaig

85U8017 SUOLILLOD BA81D 3ol |dde ayy Aq pausenob ae s O 8sn JO sl 10} ArIqiT 8UIIUO A1 LD (SUONIPUCD-PUe-SLLBY WO A8 | 1M ATRIq 1 BUI|UO//SANL) SUORIPUOD PUe SWiB | 8U1 88S *[9202/20/2T] U0 Akeid1auluo A8|IM eeyiol(qigsieIs BAIUN BAN Aq 97206008 TTTT 0T/10p/W0o" A8 1M Akeiq 1 jpul{uo'S euINnofosu//:sdny wouy papeojumod ‘€ ‘5202 ‘2850009T



Table 1. Continued.

g References with
@ Workflow background, frameworks
2L part Steps  Recommendation Explanation Examples and methods
® 4 Address spatial High-frequency tracking Making MaxEnt models — Swihart and Slade (1997)
‘o autocorrelation data can also lead to based on occurrence provide a statistical
QJ spatial autocorrelation records of the Malay civet method to test for
% because locations that are  Viverra tangalunga in independence of
> temporally close are Borneo and two simulated successive observations
] generally also close in species, Kramer- — Aiello-Lammens et al.
o space. This results in a Schadt et al. (2013) show (2015) provide an
s high spatial that spatial bias in the data R-package ('spThin’) to
o0 autocorrelation which can lead to overprediction apply spatial thinning
8 can inflate model in areas where records are  — Steen et al. (2021) and
en accuracy and affect clustered. For the simulated Fourcade et al. (2014)
=) parameter estimates. species, models based on demonstrate the impact of
(=) Reducing the impact of spatially filtered data were spatial bias corrections on
I3} spatial autocorrelation found to outperform SDM performance
2 can be necessary to models which use
k3] accurately analyse spatial ~ unmanipulated data
i distribution patterns
-8 Model fitting 5 Investigate The responses of individuals By constructing MaxEnt — Hallfors et al. (2016)
Qh. intraspecific and populations to models for a butterfly and a  present a workflow to
variation environmental variation plant species, modelling include intraspecific
can play an important each species as a single variability in species
role in shaping species- population and as two distribution research
level distributions. disjunct populations, — Morera-Pujol et al. (2023)
Integrating this Hallfors et al. (2016) developed R-functions to
intraspecific variability demonstrate that whole- detect sources of
into species distribution species and population- intraspecific variability in
models can enhance our based models can yield species distributions
understanding of how the different results, which has — Chambault et al. (2021)
environment affects implications for the provide a methodological
species distributions and prediction of current and framework to integrate
thus improve predictive future distributions individual and population
model accuracy. level information in SDMs
Consequently, it is of marine animals using a
essential to investigate to mixed model approach
what extent intraspecific
variability can be
incorporated in species
distribution analyses
Model 6 Use individuals for ~ Tracking data is typically Roberts et al. (2017) assessed — Roberts et al. (2017)
validation model validation collected for a limited the effectiveness of provide a comprehensive
number of individuals, resource selection function comparison of different
and the spatial (RSF) based on tracking testing-validation methods
(positional) information of ~ data from elk Cervus depending on data
the same individual is not  elaphus using two structure
statistically independent. cross-validation methods.
Randomly allocating In the random cross-
tracking records of the validation, each elk
same individuals to a contributed 20% of its
calibration and testing position fixes to each of 5
dataset can therefore folds, while in the
violate model individual-based cross-
assumptions of statistical validation, each elk
independence. This contributed 100% of its
aspect needs to be fixes to one fold. The study
considered when revealed that random
employing species cross-validation leads to an
distribution models overly optimistic model
performance
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migratory routes) can give insights into the degree of intra-
specific variation within species (Morera-Pujol et al. 2023).
Finally, individual information from tracking data can be
used for model validation (step 6 in Table 1) and thereby
reduce the statistical non-independence of tracking records
(Gschweng et al. 2012). A solution is to use different sets
of individuals for model calibration and testing rather than
randomly allocating 70% for calibration and 30% for test-
ing (Oeser et al. 2023). A jackknife approach could be used
for model validation by excluding tracking data from each
individual once.

Conclusions

Our paper highlights the potential of tracking data to reduce
spatial and temporal biases in GBIF occurrence records and to
address intraspecific variation and population-level responses
to environmental variables. We therefore urge movement
ecologists, species distribution modellers and biogeographers
to accelerate collaborations and to make better use of track-
ing data in species distribution research. A number of analyti-
cal tools and frameworks are already available to address our
recommendations, including various methodological frame-
works, workflows and R-packages and functions (Table 1). We
also encourage movement ecologists to make the full tracks of
their datasets publicly available via Movebank rather than only
the subsets for specific time periods or study areas, and to pro-
vide sufficient metadarta for re-use. Since the high-frequency
observations from tracking data are not necessarily required
for species distribution research, it is also possible to share
and publish tracking data with lower temporal resolution via
GBIF (e.g. using the R package ‘movepub’, Van der Kolk et al.
2022, Desmet 2023). We hope that our paper stimulates the
broader use of tracking data for studying the spatial, tempo-
ral and intraspecific variation of species distributions. This
is highly relevant for effective conservation planning, global
change impact assessments and for addressing the incomplete
knowledge on the geographic distribution of species.
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