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Abstract
Opportunistic citizen data documenting species observations – i.e. observations collected by citizens in a non-standardized
way – is becoming increasingly available. In the absence of scientific observations, this data may be a viable alternative for a
number of research questions. Here we test the ability of opportunistic species records to provide predictions of the realized
distribution of species and if species attributes can act as indicators of the reliability and completeness of these data. We use
data for 39 reptile and amphibian species across mainland Portugal as a case study. We collected distribution data from two
independent sources: a national citizen-science project and a scientific. We measure and compare the climatic niche width of the
species as represented by each of the two data sources. Generalized linear mixed models (GLMM) were used to relate a set of
response variables describing the species’ morphology, life-history, communication, type of locomotion, habitat and geographic
distribution, to observed differences in niche widths. We also performed species distribution models (SDMs) for each of the two
types of data using generalized additive models. We found that 12 species had more than 50% of their climate niche covered
by citizen science data. Results from GLMMs suggested that the number of grid cells in which a species occurs and its use
of forest habitat were positively related to the comprehensiveness of the sampling of climatic niches by citizen science data.
Variation in the p of SDMs for both types of data (as measured by the true skill statistic; TSS) was highly similar but SDMs
from citizen science data had an overall lower performance. Nevertheless a few species achieved good predictions (TSS > 0.6)
using these data. We conclude that species observations in citizen science projects can provide accurate predictions of species
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realized distributions, however, efforts should be made to identify the conditions under which these data are more likely to
provide reliable representations of the species niches.
© 2017 The Authors. Published by Elsevier GmbH on behalf of Gesellschaft für Ökologie. This is an open access article under
the CC BY license (http://creativecommons.org/licenses/by/4.0/).
Keywords: Citizen science; Opportunistic species observations; Climatic niche; Species distribution models

Introduction
Currently there is a large interest in citizen science – i.e.
the engagement of non-professionals in scientific research
(Miller-Rushing, Primack, & Bonney 2012) – marked by
a strong increase on citizen science programs (Dickinson
et al. 2012). The scope of these programs is wide, covering
research areas such as conservation biology and biodiversity monitoring, which are using citizen science programs to
collect large amounts of species distribution data allowing
to fill existing gaps of information (e.g. Pereira & Cooper
2006; Danielsen et al. 2009; Danielsen, Burgess, Jensen,
& Pirhofer-Walzl 2010; Pereira et al. 2010; Szabo, Vesk,
Baxter, & Possingham 2010; Dickinson et al. 2012). These
citizen science projects can collect data in a similar way
to scientific surveys, i.e. following strict protocols. In these
cases, the main difference between the two types of survey concerns the general lack of experience of the citizen
scientists which can lead to taxonomic misidentifications,
reducing data accuracy. Alternatively, citizen science surveys
of species distributions can take place through the collection of opportunistic data, data collected by non-standardized
methods, with no sampling design and no systematic protocol (Dickinson, Zuckerberg, & Bonter 2010). These later
programs can cover wide spatial extents and often provide
a large number of records (Chandler et al. 2012, 2017).
These opportunistic records have the same problem of lack
of taxonomic expertise of the participants and can, in many
cases, be spatially and temporally biased (Beck, BallesterosMejia, Nagel, & Kitching 2013; Higa et al. 2014). Bias in
species observations provided by citizen-science programs
may hinder the usefulness of these records in ecological
research. Importantly, the sampling effort of opportunistic
records is generally not known but it can vary widely over
time (Dickinson et al. 2010; Snäll, Kindvall, Nilsson, & Pärt
2011) and across space (Dickinson et al. 2010; van Strien, van
Swaay, & Termaat 2013) and between and within taxonomic
groups (Kéry et al. 2010; Snäll et al. 2011).
Species distribution models (SDMs) – also known as ecological niche models or habitat selection models – are now
widely used in ecological and evolutionary research (Elith
& Leathwick 2009; Kozak, Graham, & Wiens 2008). These
models relate data on species distributions with spatial environmental data in order to estimate locations where the
species could occur (Elith & Leathwick 2009). The questions they allow to address are wide-ranging and include how
climate change may modify biodiversity patterns (Thuiller
et al. 2008), where invasive species may become established

(Capinha & Anastácio 2011), where the hotspots of endangered species are located (Godown & Peterson 2000), which
areas should be prioritized for conservation (Chen & Peterson
2002) or which locations are suitable for species translocations or cultivation (Jovanovic, Arnold, & Booth 2000;
Cunningham, Anderson, & Walsh 2002). SDMs rely on two
types of data, species distribution data and environmental
data. While the latter is now widely available at high spatial resolution and for wide spatial extents (Kozak et al.
2008), mainly due to large-scale mapping and modelling
projects (e.g. Higa et al. 2014; Levinsky et al. 2013), the
geographic distribution of many species still remains poorly
known (Scheffers, Joppa, Pimm, & Laurance 2012). In this
context, it is relevant to understand if species observation
records coming from citizen science projects are useful for
inferring species distributions, and if so, under which conditions these records are more or less reliable.
In this work we assess whether opportunistic citizen science databases are viable data sources to model species
distributions and test if species attributes can indicate the
reliability and completeness of the opportunistic distribution data. We use amphibians and reptiles records from
the BioDiversity4All database (www.biodiversity4all.org),
a country-wide citizen science project in Portugal. We use
herptiles (i.e. reptiles and amphibians) because many of these
species tend to be cryptic and pass unnoticed and also because
the prejudice associated with this group can affect the observations recorded in a citizen science project, as several of
these species are feared and despised by many people (Price &
Dorcas 2011). These characteristics contribute to a distributional data shortfall – as opposed, for instance, to a few other
conspicuous and ‘attractive’ groups such as birds for which
distributional data is more abundant. We use opportunistic
citizen science records to measure the climatic niche width
of 39 herptiles. We then compare these niche widths to the
ones obtained using records from an, independent, long-term,
scientific atlas and test for species traits and characteristics
of the species distributions as indicators of the differences
found. Finally, we also build projections of species distribution models based on each of the two distinct sources of
species records and compare their predictive performances.

Materials and methods
In this work, we perform three main analyses to assess
the merits of opportunistic citizen science records of species
observations. In the first analysis, we measure the climatic
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niche width of the species, as represented by citizen science
observations and as represented by an atlas using scientific
observations. In the second analysis, we statistically relate
the differences of widths we found between these two data
sources with a large set of variables describing properties of
the species. This aims to test if species properties can serve
as predictors of the sampling of climatic niches by citizen
science records. Finally, in our third analysis, we perform
species distribution models for each type of species observation data and compare the predictive performances of each.
We describe each of these analyses in detail below.

Species data
We used citizen science data for reptiles and
amphibians recorded in mainland Portugal. These data
were retrieved from the BioDiversity4All web portal
(www.biodiversity4all.org), a Portuguese project that is
similar to citizen science biodiversity databases elsewhere
such as iNaturalist (http://www.inaturalist.org/) or iSpot
(http://www.ispot.org/). We used only species occurrences
that provided GPS recordings of geographical coordinates,
from 1990 until December 2013 and resampled these
records to a unique record per 10 × 10 km grid cell. Species
occurring in less than three distinct grid cells were not
considered because of insufficient records to calculate
niche breadths (see below). In total we used data for 39
species (15 amphibians and 24 reptiles) (see Appendix A in
Supplementery material: Table 1), representing 91% of all
herptile species known for mainland Portugal. The data set
had a mean number of grid cells per species of 23.95 ± 20.27
(SD).
Simultaneously, we also collected 10 × 10 km grid cell
distribution data of these species from the atlas of Portuguese herptofauna (Loureiro et al. 2008; hereafter referred
to as “atlas”). This is the most updated inventory of the
herptiles species distributions available for Portugal and,
unlike opportunistic citizen science databases, this atlas
provides distribution data collected from previous scientific publications, systematic surveying in sampling stations
and ad hoc observations from experts (Crespo & Oliveira
1989; Malkmus 1995; Godinho et al. 1999; Malkmus 2004;
Loureiro et al. 2008).

Environmental data
We collected five spatial variables for representing climatic
variation across mainland Portugal: annual mean temperature; temperature seasonality; maximum temperature of
warmest month; annual precipitation and precipitation seasonality. These variables were collected from the Worldclim
database (Hijmans, Cameron, Parra, Jones, & Jarvis 2005)
at a spatial resolution of 5 arc minutes (c. 9 km at the midlatitude of Portugal). We selected these variables because
temperature and humidity are known to be highly influen-

3

tial in determining the distribution of herptiles, affecting
their physiology and key aspects of biology and phenology (Girardello, Griggio, Whittingham, & Rushton 2010).
Moreover, mainland Portugal has a strong latitudinal climatic gradient, ranging from semi-aridity in regions of the
south to moist Atlantic climate in the north, allowing for
the filtering effect of climate to be highly influential in the
distribution of the studied species (Márquez, Real, Olivero,
& Estrada 2011). We performed a principal component
analysis (PCA) to remove multi-collinearity among the 5 climatic variables and retained the two first components, which
together accounted for 89% of the total variance in the original data (see Appendix A in Supplementery material: Table
2).

Measuring sampling of climatic niche from
citizen science data
For each species we calculated two distinct climatic niches,
one using the species occurrence records found in the citizen
science project (opportunistic data), and the other using the
occurrences found in the atlas: for each of the data sources,
we projected the occurrences of each species into the climatic
space defined by the two first principal components obtained
from the PCA. Next, we used a convex hull to delimit the
climatic space occupied by each species. The width of the climatic niche of each species corresponded to the area enclosed
by each convex hull. Finally, for each species we calculated
the percentage of the total climatic niche width measured
using occurrences from the atlas that was captured by the
climatic niche calculated for the citizen science data – i.e.
the area of the intersected polygons divided by the area of
the scientific atlas polygon, multiplied by 100. By considering only the intersected polygon to represent the climatic
niched sampled by citizen science, we exclude any portion
falling outside the niche space that is sampled by the atlas, as
these cases are likely to have its origin on observation errors
(see Discussion). A value of 100% corresponds to a situation where the citizen science data fully captures the climatic
niche as represented by the atlas.

Species traits and characteristics of species
distributions
In order to potentially explain interspecific differences
in the climatic niche sampling from citizen science data,
we collected a set of explanatory variables describing
species morphology, life-history, communication mode,
type of locomotion, habitat and geographic distribution.
Data for these variables were collected from Trochet
et al. (2014), Encyclopedia of Life (http://www.eol.org),
Reptile database (http://reptile-database.org/), Reptile
Trait Database (http://scales.ckff.si/scaletool), HerpNet
(http://www.herpnet.org), Naturdata (http://naturdata.org)
and Loureiro et al. (2008). A total of 27 variables were
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considered (see Appendix A in Supplementery material:
Table 3).

Relating variation of climatic niche and species
traits
We used generalized linear mixed models (GLMM)
(Breslow & Clayton 1993) to relate the variation in the
percentage of climatic niche sampled by citizen science
(response variable) with species traits (the explanatory variables). The advantage of using GLMMs instead of simpler
generalized linear models is that the former allow to incorporate information on the clustering of the sampling units, hence
providing estimates of standard errors of model coefficients
corrected for non-independence among observations. Here,
to account for the phylogenetic non-independence of species
(i.e., species that are phylogenetically closer should provide
more similar observations than those that are further away),
we built GLMMs using family (the taxonomic clustering unit
used here) as random effect, while the remaining variables
entered the models as fixed effects (Cassey, Blackburn, Sol,
Duncan, & Lockwood 2004). The response variable, which
varies between 0 and 100% of climate niche overlap, was
arcsine transformed before analyses to meet assumptions of
normality. The models assumed a Gaussian distribution of
errors and used an identity link function (Breslow & Clayton
1993). To avoid problems of multi-collinearity among the
explanatory variables, we calculated variance inflation factors (VIFs) for each. We then sequentially dropped the
explanatory variable with the largest VIF until all values were
below 5—a threshold below which collinearity is not a problem (Bowerman & O’Connell 1990). This procedure led to
the removal of 5 variables (see Appendix A in Supplementery
material: Table 3). Using the remaining variables, we built
GLMMs for all possible combinations of fixed effects. All
models used restricted maximum likelihood estimation and
Akaike’s information criterion for small samples size (AICc)
was used for inter-model ranking. We obtained final model
coefficients from averaging the set of ‘best’ models, instead of
selecting a single best model. The best ranked models were
considered to be those holding a cumulative AICc weight
of at least 0.95 (Karanth, Gopalaswamy, DeFries, & Ballal
2012). We used the lme4 package (Bates, Maechler, & Dai
2009) for R 3.1 (R Development Core Team 2014) to implement the GLMMs, while model selection and averaging were
conducted using the MuMIn 1.10.0 package (Barton 2014).

Species distribution models
We also built species distribution models (SDMs) for all
species that had 20 or more unique grid cells in the citizen
science data set. Species having a lower number of records
were discarded because of insufficient variability to include
in a model with two explanatory variables (i.e., the two first
components of a PCA; see below) (Vittinghoff & McCulloch

2007). This corresponded to a total of 20 species (9 amphibians and 11 reptiles). SDMs for these species were made
independently for the citizen science data set and the atlas
data set. All models were made using generalized additive
models (GAM) (Guisan, Edwards, & Hastie 2002) which
contrasted the climatic conditions where the species was
observed (as represented by the two main axes of the PCA,
see above) with a random sample of climatic conditions in the
grid cells where it was not recorded (i.e. ‘pseudo-absences’)
(Capinha, Anastácio, & Tenedório 2012). The GAM models were implemented using the raster2 package of R using
default values (see Appendix A in Supplementery material:
Text 1). A total of 10 replicate predictions were made for each
species, each using a new random set of pseudo-absences.
Final prediction corresponded to the average of the 10 replicate predictions.
We evaluated the performance of SDMs using citizen science observations by comparing the predictions with the
species presences and absences found in the atlas. The
atlas-based SDMs were evaluated by means of 5-fold crossvalidation. Model evaluation was assessed using the true
skills statistics—TSS (Allouche, Tsoar, & Kadmon 2006).
This metric accounts for both sensitivity (i.e. proportion of
species presences correctly predicted) and specificity (i.e.
proportion of pseudo-absences correctly predicted) of the
predictions. This metric ranges from −1 to 1 and requires
the definition of a probability threshold value for continuous predictions (Freeman & Moisen 2008), so we performed
its calculation along all possible thresholds using sequential
increments of 0.01. We retained the maximum value obtained
across all thresholds. TSS values >0.6 indicate good predictive performance, 0.2–0.6 fair to moderate, and <0.2 poor
(Capinha, Rocha, & Sousa 2014).

Results
The proportion of the climatic niche width that was captured by citizen science data differed markedly among species
(Figs. 1A and B; 2 ). Of the 39 species analysed, 12 had more
than 50% of their known climate space covered by citizen
science data (Fig. 1A; B) (see Appendix A in Supplementary material: Table 4). One amphibian (Hyla meridionalis)
and three reptiles (Tarentola mauritanica, Timon lepidus and
Psammodromus algirus) had niche coverages higher than
70%. The anurans Pelophylax perezi, Bufo bufo and Hyla
arborea achieved niche coverages higher than 60% while
one salamander (Salamandra salamandra) and four reptiles
(Psammodromus hispanicus, Rinechis scalaris, Natrix maura
and Podarcis hispanicus) had coverages higher than 50%.
The species with lowest coverages were two snakes: Coronella austriaca (5.9%) and Vipera latastei (6.0%) and two
lizards: Chalcides bedriagai (1.2%) and Hemydactylus turcicus (6.9%). Eight of the 39 species had portions of the
climatic niche sampled by citizen science that were not represented by observations of the atlas data set. For six of these
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Fig. 1. Width of the climatic niche of (A) amphibians and (B) reptiles as measured from atlas records (light grey), citizen science records
(dark grey) and the total climatic space existing in the study area (mainland Portugal) (x-axis).
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Fig. 2. Representative examples of species’ climatic niche widths based on opportunistic data (blue) and scientific atlas data (light grey). The
total climatic space existing in the study area (mainland Portugal) is also shown (dark grey). Polygons refer to the convex envelope of the
corresponding species observations projected into a two-dimensional climatic space. The climatic space is defined by the two main axes of a
principal components analyses summarizing overall climatic variation in the study area. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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Table 1. Model averages of generalized linear mixed models (GLMM) relating the variation in the percentage of climatic niche sampled by
citizen science to species traits (GridAtlas—number of grid atlas cells presence, H Forest—forest habitat, StD Altitude—standard deviation
of the altitude, Climber—mode of displacement climber, H Shrubland—shrubland habitat, H Sand—sand habitat, H Grassland—grassland
habitat, Latmax—maximum latitude) (level of significance *P < 0.05, **P < 0.01, ***P < 0.001). A total of 39 herptile species that occur in
mainland Portugal is used in the models.
Variables

Relative variable importance

GridAtlas
H Forest
StD Altitude
Climber
H Shrubland
H Sand
H Grassland
Latmax
Intercept

1.00
0.99
0.51
0.36
0.31
0.16
0.12
0.10

Model-averaged coefficients
6.217e − 04
2.198e − 01
−5.264e − 04
4.957e − 02
3.926e − 02
−1.570e − 02
−8.510e − 03
−2.499e − 03
5.823e − 01

species this ‘outside region’ corresponded to about 5% or
less of all niche breadth measured by citizen science (Alytes
obstetricans, Blanus cinereus, H. arborea, P. hispanicus, P.
hispanicus and T. mauritanica). For two species, this region,
however, corresponded to about 35% of the total breadth of
the niche (H. meridionalis and Podarcis bocagei).
Based on averaged model coefficients of GLMMs relating variation in the percentages of climatic niche sampled
by citizen science with species traits, we found that the two
variables that had higher relative importance were the number of grid cells occupied by the species and the use of forest
habitat; both showing a positive association with niche coverage (Table 1). The remaining explanatory variables either
had negligible relevance in the models or were not selected
by any model (Table 1).
We built SDMs for 20 species based on citizen science
records and validated the predictions using the scientific
atlas. The performance of the models varied strongly among
species (Fig. 3). The performance was good (TSS ≥ 0.6) for
three species: H. meridionalis, Lacerta schreiberi and Rana
iberica, fair (0.6 >TSS ≥ 0.2) for nine species: Hemorrhois
hippocrepis, H. arborea, Lissotriton boscai, Mauremys leprosa, P. perezi, P. algirus, S. salamandra, T. mauritanica
and Triturus marmoratus, while models for eight species:
B. bufo, Epidalea calamita, Malpolon monspessulanus, N.
maura, P. hispanicus, P. hispanicus, R. scalaris and T. lepidus performed poorly (TSS < 0.2) (Fig. 3) (see Appendix A
in Supplementary material: Table 5). We also found that the
percentage of niche covered by citizen science is not associated with the predictive performance of the SDMs (Pearson
correlation coefficient = −0.38, P = 0.096).
We also built SDMs using scientific species occurrences
which were validated by means of of a 5-fold crossvalidation. The variation of the predictive performance of
these models and of those from citizen science was very similar (Pearson correlation coefficient = 0.9, P < 0.05) but the
latter had, on average, a lower performance (mean difference
in TSS = −0.151, SD: 0.101) (Fig. 3).

Std. Error

Pr (>|z|)

1.325e − 04
7.266e − 02
6.433e − 04
8.138e − 02
7.325e − 02
4.992e − 02
3.392e − 02
1.790e − 02
8.301e − 01

<0.001***
0.01**
0.42
0.55
0.60
0.76
0.80
0.89
0.49

Discussion
In this work, we assessed whether species records from
opportunistic citizen science databases were able to provide
useful estimates of (1) the climatic niches of the species and of
(2) their potential distributions, as drawn from species distribution models. We further aimed to identify how the species’
characteristics may act as indicators of the reliability and
completeness of opportunistic distribution data.
Our results showed that the sampling of the species climatic niches based on citizen science records can vary greatly.
This is not unexpected because, as in most biological groups,
herptile species differ greatly in terms of elusiveness and
secludedness, inherently leading to variation in detectability and ease of identification in the natural environment
(Mazerolle et al. 2007). However, we also found that some
species attributes may serve as indicators of the usefulness of
the opportunistic sampling. The number of grid cells where
the species occurs was the variable with higher explanatory
power, suggesting that climatic niches are better sampled for
species that have wide ranges. This could be because these
are, in general, common species, including for instance P.
perezi, T. lepidus, B. bufo which are also relatively well known
by the citizens. The other indicator we found good support
for was if a species uses forest habitats, with those using them
having a significantly better sampling of their climatic niche.
The reason for this relationship is not clear. One possible
explanation might be that this type of habitat is preferred by
citizen scientists for making observations, but this requires
further investigation.
We also identified some species having portions of the climatic niche represented by citizen science data that were not
found in the climatic niches using the atlas data set. This was
found for a small number of species (eight) and only for two of
them this ‘novel’ portion of the niche represented more than
6% of its total niche breadth. Two non-mutually exclusive reasons can account for the niche expansions observed. The first
is that the additional niche breadth is an ‘artifact’ resulting
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Fig. 3. Comparison of the performance of species distribution models based on opportunistic data (y-axis) and on scientific atlas data (x-axis).
The models were performed using a total of 20 species of herptiles occurring in mainland in Portugal. Each dot represents one species. Species
distribution models were made using generalized additive models (GAM) and the predictive performance of each model was measured by
means of the true skills statistics (TSS). The predictive performances achieved by the two types of data are strongly correlated (Pearson
correlation coefficient = 0.9, P < 0.05). The dotted line indicates the relationship expected if performances from both types of predictions
matched perfectly. The straight line corresponds to the relationship that was indeed observed.

from misidentifications of the species, leading citizen scientists to record the species in places where it is in fact absent.
The second reason is that it could indeed represent a niche
expansion, resulting from true observations of the species in
areas not recorded in the atlas data set. While it is hard to
disentangle the relative role of the two possible causes, we
expect the former to certainly have some expression, given the
uncertain reliability of citizen science observations. Nevertheless, a role for citizen science observations of the species
in new locations should also be considered as found elsewhere (Dickinson et al. 2010). Future work should consider
the validation of citizen science observations, by experts, in
those new areas.
Regarding the performance of potential distribution models, we also found a high interspecific variability, but
importantly, several species were well modeled using citizen
science occurrence records (3 species with good predictive
performance and 9 with fair predictive performance). Moreover, variation in predictive performances among species was
highly similar between models using citizen science data and
those using data from a scientific database, despite a lower
average performance of the former. This strongly suggests
that opportunistic citizen science databases of species observations can represent a viable alternative to scientific records
when these are not available, and the challenge might be to
combine different data sources to achieve better results.
Interestingly, we found that SDMs for species having their
climatic niches well sampled by citizen science were not necessarily the ones having higher predictive performance. This
finding highlights that having good citizen science data does

not guarantee having good SDMs. This is because the performance of SDMs is contingent on a number of other factors
besides the comprehensiveness of species distribution data.
We found that the performance of SDMs (both opportunistic
and atlas-based) had a strong negative relationship with the
total climatic niche of the species, which suggests that the
performance of models for the study area is strongly determined by the degree of climatic specialization of the species.
In other words, generalist species are less well predicted, as
found elsewhere (Evangelista et al. 2008).
Other factors can further contribute to reducing SDM
performance when one uses opportunistic species occurrences. One of such factors is that the opportunistic databases
do not provide records of species absences which are
highly desirable to improve SDMs. Hence our models using
pseudo-absences (i.e. a sampling of all climatic conditions
available) may be biasing the species potential distributions
(VanDerWall, Shoo, Graham, & Williams 2009) and it would
be of great interest to have citizen science records of species
absences as well. This is possible when observers use species
check-lists (Sullivan et al. 2009). For studies in countries such
as the Netherlands, where opportunistic data is numerous and
widespread, geographical bias presents limited relevance,
since for many species the data collection is already very
good (van Strien et al. 2013). With fewer data or when
particular areas or habitat types remain under-sampled, poststratification and weighting of sites according to their share in
the statistical population under study may be a useful option
(van Strien et al. 2013).
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Some studies demonstrated how widespread, inexpensive
count data, collected by citizen scientists can be analyzed
to reveal important information about the habitat preference and population dynamics of broadly dispersed and
difficult-to-observe species (Thorson, Scheverell, Semmens,
& Pattengill-Semmens 2014). Even though studies emphasized problems associated with opportunistic data, like being
generated with uneven sampling effort over time (Botts,
Erasmus, & Alexander 2012; Maes, Vanreusel, Jacobs,
Berwaerts, & Van Dyck 2012; Prendergast, Wood, Lawton, &
Eversham 1993), others gave evidence that opportunisticallygathered data has a great potential to make meaningful
contributions to biodiversity science and policy-making
(Schmeller et al. 2009; Tulloch, Possingham, Joseph, Szabo,
& Martin 2013; Isaac et al. 2014). Knowledge of species’
distributions is of particularly importance for ecology, evolution and conservation science. Opportunistic citizen science
databases can provide scientists with a vast set of occurrence
records, yet, understanding the benefits and limitations of
this information is fundamental to achieve better results in
modelling species distributions.
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