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Essentially, all models are wrong, but some are useful.
-George Box
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ABSTRACT

Context

Species distribution models (SDMs) have proven valuable in filling gaps in our knowledge of
species occurrences. However, despite their broad applicability, SDMs exhibit critical short-
comings due to limitations in species occurrence data and in environmetal variables. Typical
example of such limitation in species records is spatial uncertainty in their location, ranging
from a few meters to tens of kilometers (e.g., positional uncertainty in the GBIF database
can exceed 300 kilometers). Similarly, environmental variables may be limited by how much
detailed information about the environment they provide. For example, land cover types
typically indicate the amount of habitat within a spatial unit. However, it is possible that a
simple binary presence/absence of suitable habitat may be the only information available or
even more important aspect than area, determining species distribution.

Objectives

This dissertation had three main objectives. Firstly, I explored the potential of an alternative
approach to incorporate environmental variables into models (i.e., binary versus continu-
ous habitat information). Secondly, I investigated the influence of positional uncertainty in
species records on the ecological interpretability of models. Thirdly, I evaluated whether the
appropriateness of using binary or proportional (continuous) type of variables, and the influ-
ence of positional error, is affected by the scale of the analyses. Specifically, I addressed the
following research questions: a) Can binary land cover predictors provide models of higher
accuracy than traditionally used proportional variables? b) If so, what is the role of spatial
grain in determining the usability of binary land cover predictors? c) To what extent does
positional uncertainty in species occurrence data affect model parameter estimation and the
ecological interpretability of species distribution models? d) What are the trade-offs between
analysis grain and positional uncertainty in modeling species distributions?.

Results

Results indicated that models’ performances were not affected by the type of the adopted
habitat variable (proportional or binary but the usability of binary variables decreased with
coarsening the resolution (i.e., binary representation of habitat is useful at finer grain sizes
of approx. 1km? Results confirmed that model performance decrease with increasing po-
sitional error in species records, as demonstrated in prior studies. However, I have shown
that coarsening the analysis grain to compensate for positional error did not improve model
performance as was widely assumed. This, however, doesn’t mean we should exclude species
records with high positional uncertainty from our studies, because the negative consequences
of positional uncertainty on model performance did not extend as strongly to the ecological
interpretability of the models.

Conclusions

These findings are encouraging for practitioners using SDMs to reveal relationships between
species occurrences and its environmental drivers as such relationship can be to some degree
estimated using positionally uncertain data and simple environmental variables describing
presence or absence of a habitat. On the other hand, my findings show that positional un-
certainty in species data can cause inaccurate spatial predictions leading to inaccurate maps
of species distributions, especially in heterogeneous environments and when using fine res-
olution environmental data. Therefore, such models are not suitable for tasks like setting up
protected areas or prioritizing conservation efforts.



ABSTRACT IN CZECH

Souvislosti

Modely druhové distribuce (SDMs) jsou dileZitym nastrojem pfi dopliovani mezer v nasich
znalostech o vyskytech druhtl. Navzdory tomu, Ze se tyto modely ¢asto pouzivaji v ekologick-
ych studiich, maji zasadni nedostatky kvili nepfesnostem v datech o vyskytech druhi a envi-
ronmentalnich prediktorech. Typickym pfikladem takového omezeni je polohova nejistota v
zaznamech druht, ktera mize byt od nékolika metri aZ po desitky kilometra (napf. polohova
nejistota v databazi GBIF mize pfesahnout 300 kilometra). Environmentalni prediktory pak
mohou byt omezeny tim, jak pfesnou informaci o prosttedi, ve kterém se druh naléza, posky-
tuji. Napfiklad proménné krajinného pokryvu obvykle udavaji rozlohu nebo podil habitatu
v ramci uréité oblasti. Av8ak co kdy?, jednoducha binarni informace (pfitomnost/absence) o
vhodném habitatu miZe byt jedinou dostupnou informaci nebo dokonce dileZitéjsim aspek-
tem pii uréeni druhové distribuce ne? informace o celkové rozloze habitatu?

Cile

Tato diserta¢ni prace méla tti hlavni cile. Za prvé jsem zkoumal moZznosti pouZiti nového
typu environmentalnich prediktora (binarnich dat), které obsahuji pouze informaci o pfi-
tomnosti nebo absenci vhodného habitatu. Za druhé jsem zkoumal vliv polohové nejis-
toty v druhovych zaznamech na ekologickou interpretovatelnost modeli. Tietim cilem pak
bylo posouzeni role prostorového métitka na modely, které pouzivali binarni prediktory a
druhova data s rtiznou polohovou nejistotou. Konkrétni vyzkumné otazky byly: a) Mohou
binarni environmentalni prediktory krajinného pokryvu zvysit pfesnost modela? b) Pokud
ano, jaka je role pouZitého prostorového méftitka? c) Do jaké miry ovliviiuje polohova ne-
jistota v druhovych datech ekologickou interpretovatelnost modela? d) Jak spolu souvisi a
polohova chyba druhovych dat?

Vysledky

Vysledky ukazaly, ze pfesnost modelll nebyla vyznamné ovlivnéna typem pouZitych envi-
ronmentalni prediktord (proporcionalni nebo bindrni infomrace o vhodném habitatu). Je
nicméné duleZité fict, Ze ale pouZitelnost binarnich prediktora klesala s hrubgim prostorovym
rozliSenim. To znamena, Ze bindrni reprezentace habitatu je uZite¢na predevsim pfi pouziti
prediktorii s vy$$im prostorovym rozliSenim (cca od 1km?). Vysledky kromé toho potvrdily,
e presnost modeld klesa se zvysujici se polohovou nejistotou v zdznamech druht, tak jak
bylo prokazano v pfedchozich studiich. Dilezitym zavérem prace je fakt, Ze zhorseni pros-
torového métitka nekompenzuje negativni vliv polohové nejistoty, jak se vieobecné pred-
pokladalo. To v8ak neznamena, Ze bychom neméli pti modelovani zdznamy druhti s vysokou
polohovou nejistotou pouzivat.

Zavéry

Jak ukazaly vysledky, polohové neuréita data a binarni informaci o pfitomnosti habitatu lze
za ur¢itych podminek vyuzit pro studium vztahtt mezi organismy a prostfedim. Na druhou
stranu mapy druhové distribuce vychazejici z modeli zaloZenych na datech s vysokou polo-
hovu nejistotou, jsou nepfesné (zejména v heterogennim prostfedi a pfi pouZiti environmen-

talnich prediktort s vysokym prostorovym rozli§enim) a nevhodné pro aplikace v ochrané
pfirody.
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distribution projections. It is, therefore, imperative to acknowledge and quantify these un-
certainties to ensure the robustness and reliability of SDMs.
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Figure 2.2: Graphical representation of the hypothesis. Land cover predictors are typically incorpo-
rated by representing the amount of specific land cover types within individual sites. But what if, for
some species, the total habitat area is less relevant than the simple fact that a particular habitat is present
or absent?

2.2.2. SPECIES RECORDS

In SDMs, species records are typically represented as presence-only or presence-absence
data. Presence-only data include records that only indicate the presence of a species at a
particular location without information on its absence. On the other hand, presence-absence
data provide information on the presence and absence of a species at specific sites. While
presence-absence data are considered more informative for modeling species distributions,
they are often scarcer and require careful sampling design to ensure adequate representation
of absence locations (Franklin 2010, Guillera-Arroita et al. 2015). Species records can be
obtained from various sources, including field surveys, citizen science initiatives, museum
collections, and literature reviews, or generated based on expert knowledge.

Field surveys involve systematic sampling or observations researchers conduct to record
species’ presence or absence at specific locations. These surveys often employ various sam-
pling techniques, such as transect surveys, point counts, quadrat sampling, or trapping meth-
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3.1.1. ABSTRACT

The representation of a land cover type (i.e.,, habitat) within an area is often used as an ex-
planatory variable in species distribution models. However, it is possible that a simple binary
presence/absence of the suitable habitat might be the most important determinant of the pres-
ence/absence of some species and, thus, be a better predictor of species occurrence than the
continuous parameter (area). We hypothesize that the binary predictor is more suitable for
relatively rare habitats (e.g., wetlands) while for common habitats (e.g., forests) the amount
of the focal habitat is a better predictor. We used the Third Atlas of Breeding Birds in the
Czech Republic as the source of species distribution data and CORINE Land Cover inventory
as the source of the landcover information. To test our hypothesis, we fitted generalized lin-
ear models of 32 water and 32 forest bird species. Our results show that for water bird species,
models using binary predictors (presence/absence of the habitat) performed better than mod-
els with continuous predictors (i.e., the amount of the habitat); for forest species, however,
we observed the opposite. Thus, future studies using habitats as predictors of species occur-
rences should consider the prevalence of the habitat in the landscape, and the biological role
of the habitat type in the particular species’ life history. In addition, performing a prelimi-
nary comparison of the performance of the binary and continuous versions of habitat pre-
dictors (e.g., using information criteria) prior to modelling, during variable selection, can be
beneficial. These are simple steps that will improve explanatory and predictive performance
of models of species distributions in biogeography, community ecology, macroecology, and
ecological conservation.

Keywords: Binary data, Continuous data, Land cover, Niche models, Variable selection
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habitat data in the field as simply recording the presence of a habitat is significantly less
time-consuming than recording its total area.
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Figure 3.5: Graphical rationale for the hypothesis on binary variables. We modelled species occurrence probability
as a step function (generative model, black dashed line) to generate 100 presences/absences of a species that needs at
least 20% of land-cover within a spatial unit, drawn from a Bernoulli distribution with species occurrence probability
as a parameter. Then, we fitted species distribution models (GLM) with either proportional (incorrect model, red
line) and binary coverage (correct model, blue line), as a variable.

It is well-recognized that SDMs are grain-dependent (Elith and Leathwick 2009) and em-
pirical evidence has shown that species exhibit stronger responses to their environment at
certain grains than others (see reviews by Miguet et al. 2016 and Moudry et al. 2023b).
Therefore, the choice of the grain constitutes an important part of the modeling process as
it can affect the ability to detect the response (Mertes and Jetz 2018, Luebert et al. 2022,
Waunderlich, et al. 2022, Lu and Jetz 2023). In addition, the choice of the grain is often deter-
mined by data availability rather than study goals. This results in large variability of grains
adopted in existing studies, from a few meters (e.g., Bazzichetto et al. 2018, Lecours et al.
2020, Casanelles-Abella et al. 2022, Stark and Fridley 2022) to many kilometers (e.g., Kleis-
ner et al. 2017, Norberg et al. 2019, Zarzo-Arias et al. 2022). The grain size is also essential
when selecting environmental variables (Pearson and Dawson 2003; Moudry et al. 2023b),
and it is likely to be critical when deciding whether to use land-cover as a binary or continu-
ous variable when modelling species occurrence. However, this has never been thoroughly
tested.
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Workflow 3 — real species + real envir l data

A) Model performance
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Figure 3.12: Resulting performance metrics (A), response curves (B) and variables’ importance (C) of unaltered and
altered models for all scenarios with real species and real environmental data. Values represent averages of the 50
repetitions.

The general increase in over and underprediction rates across all workflows implies that mod-
els fit to data with positional error tended to overpredict and, at the same time, underpredict
species habitat suitability. Therefore, using positionally uncertain data might be highly risky
for some ecological applications (e.g., nature conservation).

Variable importance

For Workflow 2 models correctly, across all modeled scenarios, detected the aspect and ele-
vation, which were used to generate virtual species, as the most influential variables. (only
these variables were used to generate virtual species; Figure 3.13 and Figure A4 in supple-
mentary material). Increasing sample size increased the estimated importance of aspect and
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in the gbm package (ver. 2.1.5, Friedman et al. 2000), represented presence-absence meth-
ods, and MaxEnt, implemented in the dismo package (ver. 1.1-4, Phillips et al. 2006; ver.
3.4.3 of maxent jar file, Phillips et al. 2020), a presence-background method. Using both
presence-absence and presence-background methods allowed us to assess whether they are
equally affected by positional errors and by coarsening of the analysis grain. The GLM was
run with a logit link function and a binomial distribution. The quadratic terms of the envi-
ronmental variables were included based on the known normal distribution curves of the
response function. For BRT, we used Bernoulli distribution, shrinkage (learning rate) of 0.01,
tree complexity of 1 (i.e., without interaction terms), bag fraction (the proportion of data
used when selecting optimal tree number) of 0.5, and the maximum number of trees of 5,000.
MaxEnt was used with default settings (i.e., auto features, logistic output format) and 10,000
backgrounds points. The only exception was for models with an analysis grain of 500 x 500
m, where the number of grids / cells was not sufficient to sample 10,000 background points,
so we ended up with a smaller number of background points (see Tab. A1). The same three
environmental variables (CHM, DTM and TWI) that were used in the process of generating
virtual species were also used to fit the models in seven analysis grains (see the previous
section).

Model evaluation

We used several discrimination metrics to evaluate the performance of the models. First,
we used the Sgrensen index (SI), which has been recommended for the evaluation of ex-
periments testing SDM methodologies using virtual species (Li and Guo 2013, Leroy et al.
2018). We also aimed to determine whether predictions using erroneous/altered data tend
to over- or underpredict species occurrences. Thus, we calculated the overprediction and
underprediction rates. Overprediction refers to the proportion of observed absences in the
predicted presence area, and underprediction measures the proportion of actual presences
that were not predicted by the model (Barbosa et al. 2013, Leroy et al. 2018). However, these
metrics use only three components (true positives, false positives and false negatives) of the
confusion matrix and neglect the prediction of true negatives (Leroy et al. 2018). Because
we manipulated the input data (i.e., introduced the positional error and changed the analysis
grain), we were concerned that this might also affect the true negatives. Therefore, we added
the area under the receiver operating characteristic curve (AUC; Fielding and Bell 1997; de-
spite recent criticisms of this metric, see for example Lobo et al. 2008, Jiménez Valverde 2012)
and the true skill statistics (TSS; Allouche et al. 2006), which are commonly used to assess
the discriminatory power of models.

In addition, we took advantage of the virtual species approach and compared differences
between the predicted distribution inferred from the models and the true probability of oc-
currence of virtual species in geographical space. However, it has been stressed that metrics
used for niche comparison are seriously affected by the inclusion of large number of cells
where the species are absent (i.e., with low occurrence probabilities) and it has been rec-
ommended to remove such cell from the evaluation (Rodder and Engler 2011). Therefore,
for this evaluation, we extract occurrence probability only for occurrence data, which were
used in the models. We used Spearman’s rank correlation to quantify the differences. See
Supplementary materials Figure A2 for visual comparison between virtual species true dis-
tribution and predicted probability of all modelled scenarios. Note that this comparison was
performed using the same resolution for all models’ predictions (i.e., 500m).
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