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Abstract

Predicting the occurrence probability of species is intrinsically dependent

on the quality of the training dataset and, in particular, on the sample preva-

lence (i.e., the ratio between presences and absences). Whenever the number

of presences and absences is not equal within the training dataset, the pre-

dictions deviate towards higher values as the sample prevalence increases and

vice versa. As a result, probability models of species occurrence with different

sample prevalence cannot be directly compared. The favourability concept was

introduced to amend this limitation. Indeed, the favourability - i.e., the vari-

ation in the probability of occurrence regardless the sample prevalence - could

reduce the degree of uncertainty when comparing species distributions despite

different sample prevalences. To test this hypothesis, we simulated 50 virtual

species and compared the predictive performance of four probability-based and

favourability-based Species Distribution Models (GLM, GAM, RF, BRT) un-

der a set of different prevalence values and sampling strategies (i.e, random

and stratified sampling). Favourability-based models performed slightly better

than probability-based models in predicting the species distribution over geo-

graphic space, confirming also their capability to reduce the variability of the

predictions across different degrees of sample prevalence.

Keywords: biodiversity; ecological informatics; spatial bias; spatial ecology; species

distribution modelling;
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1 Introduction

Correlative Species Distribution Models (SDMs) relate species observations with

spatial-explicit environmental variables (e.g., climatic, edaphic, etc.) allowing to i)

possibly infer the relationships between the species and its environment, and ii) map

the habitat suitability of a species across space and time (Guisan and Zimmermann,

2000; Guisan and Thuiller, 2005; Elith and Leathwick, 2009; Guillera-Arroita et al.,

2015; Guisan et al., 2017).

Different correlative modelling techniques can be employed depending on the type

of the response variable attributed to the species: presence-absence (e.g., Gener-

alized Linear Model (GLM), Generalized Additive Model (GAM), Random Forest

(RF), Boosted Regression Trees (BRT)), presence-background (e.g., MaxEnt, ENFA,

GARP), and presence-only methods (e.g., Bioclim, Domain) (Sillero et al., 2021). By

using presence-absence data, correlative SDMs estimate the occurrence probability

of a species given a combination of environmental variables. However, probability-

based SDMs estimated with different sample prevalence values suffer from the lim-

itation that they cannot be compared (e.g., by niche overlap (Warren et al., 2008)

or by Stacked Species Distribution Models (D’Amen et al., 2015; Schmitt et al.,

2017)) among populations or species and either considering the same species in di-

verse times without creating any degree of error in the outputs. To overcome these

limitations Real et al. (2006) introduced the concept of favourability. They used

Laplace’s definition of probability (Laplace, 1825), which is defined as the ratio of
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the number of favourable cases to the whole number of possible cases, to modify

the ‘ordinary’ probability of species response and derive the favourability of species

response. Favourability can be then calculated as follows:

F =

P
(1−P )

n1

n0
+ P

(1−P )

(1)

being P the probability and n1 and n0 the respective number of presences and ab-

sences sampled where the ratio is defined as sample prevalence.

Strictly speaking, the occurrence probability of the species depends on both the pre-

dictors and the sample prevalence, whereas the species favourability is determined by

correcting the estimated probabilities for the sample prevalence value, regardless of

the statistical model used (Acevedo et al., 2012). Therefore, favourability can be a

suitable approach to compare SDMs calibrated for species with unequal proportions

of presences and absences within the sample (Real et al., 2006).

However, despite this achievement, the species response curves estimated by SDMs

are still conditioned by the collected data (i.e., presence samples, presence/absence

samples, pseudo-absences, background points) used for the model calibration. Indeed,

different survey strategies may influence the accuracy and the quality of predictions

(Hirzel and Guisan, 2002; Thibaud et al., 2014; Bazzichetto et al., 2022). Therefore,

an efficient sampling method is crucial for avoiding spatial heterogeneity in the sam-

pling intensity (e.g., incomplete sampling and over-sampling) of species occurrences

and pseudo-absences/background points (Inman et al., 2021).

Accordingly, virtual species, i.e., simulated entities with known species-environment

relationships, can represent a proper approach for testing new methodologies and
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practices in species distribution modelling before applying them to real data (Schweiger

et al., 2016; Meynard et al., 2019). Indeed, virtual species modelling promises to be

a suitable approach for understanding the effect of sample prevalence and sampling

method on probability- and favourability-based models, allowing to a priori known

the species-environment relationships and to simulate multiple species.

In this study, we created 50 virtual species to test the effects of sample prevalence and

sampling method on Species Distribution Models fitted by applying four modelling

techniques (i.e., Generalized Linear Models, Generalized Additive Models, Random

Forest and Boosted Regression Trees). Especially, we evaluated i) the effect of sam-

ple prevalence and sampling method on model performances of probability-based and

favourability-based SDMs and we tested ii) the tendency of the favourability to main-

tain unchanged the prediction values across different degrees of sample prevalence in

juxtaposition with the probability outcomes. Furthermore, we investigated iii) the im-

pact of the sampling method on the probability-based and favourability-based SDMs.

2 Materials and Methods

We generated 50 virtual species from bioclimatic variables. For each virtual species,

we calibrated four modelling techniques (GLM, GAM, RF, BRT) using 1000 presence-

absence points collected according to different sample prevalences (i.e., 0.2, 0.4, 0.5,

0.6, 0.8) and sampling method (random vs stratified). After having estimated the

probability-based SDMs, we calculated the favourability-based SDMs. For each SDM
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we carried out different model evaluations (Coefficient of Variation, AUC, Continuos

Boyce Index) and statistical tests (predictions’ levels of dispersion, Kruskal-Wallis

rank sum test, Dunn’s test) (Fig. 1).

2.1 Generating virtual species

In order to compare favourability-based and probability-based SDMs we used virtual

species that were created by the virtualspecies R package (Leroy et al., 2016).

We derived a virtual species using a subset of the WorldClim Bioclimatic variables

at the European extent. We used the generateRandomSp function to create the

environmental suitability for the virtual species distribution which was generated

from a random subsampling (5 replicates) of the 19 bioclimatic variables ( https:

//www.worldclim.org/data/bioclim.html ) with 10 arc-minutes of spatial resolu-

tion. The environmental suitability was calculated using an additive approach to the

response functions of each bioclimatic variable, where the possible types of response

function implemented are ”gaussian”, ”linear”, ”logistic” and ”quadratic”. The ob-

tained environmental suitability was then rescaled between 0 and 1 (i.e., range of pos-

sible probability values of the virtual species distribution). We used the convertToPA

function to convert the raster layer reporting the environmental suitability into a prob-

ability of occurrence; the weighted probability of occurrence was then used to sample

the presence or absence in each cell. We transformed the environmental suitability

with a logistic conversion setting α and β parameters that determine the shape of the

logistic curve (Meynard and Kaplan, 2013). β controls the inflexion point and α drives
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the ‘slope’ of the curve, the latter was set equal to -0.05 such that the function detects

an appropriate conversion by testing different values of β; the species prevalence, i.e.,

the proportion of sites occupied by the species (Meynard and Kaplan, 2012), was

fixed at 0.2.

2.2 Sampling methods

We sampled 1000 presence-absence points for each virtual species (Wisz et al., 2008;

Van Proosdij et al., 2016), according to the different sample prevalence (i.e., 0.2, 0.4,

0.5, 0.6 and 0.8), using two different sampling methods: a random sampling and a

stratified sampling. The random approach (sampleOccurrences function) consisted in

randomly selecting the coordinates of presence and absence points across the study

area, which makes all points equally likely to be sampled. The stratified approach

collected presences-absences points by overlapping a grid of 0.3 degree of spatial res-

olution across the geographic area. Afterwards, if any binary pixel value (1 or 0)

belonging to each polygon was equal to 1, then all of them were set as presence (1)

otherwise to absence (0). Finally, in accordance with the sample prevalence, we ran-

domly sampled 1000 presence-absence points with coordinates respectively associated

with the centroids of the spatial polygons.

2.3 Models settings

For each virtual species, we estimated probability-based SDMs using four different

modelling techniques which were trained relying on two sampling methods and 5 sam-
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ple prevalences. We used the following modelling techniques available in different R

packages: GLM, GAM, RF and BRT. The generalized linear models were generated

with the R functions provided by FuzzySim package (Barbosa, 2015), the generalized

additive models with mgcv package (Wood, 2017), the random forest regressions with

ranger package (Wright and Ziegler, 2017) and the boosted regression trees with

dismo package (Hijmans et al., 2022). GLM algorithms were set using the default pa-

rameters of multGLM function avoiding a selected removal of variables (step=FALSE

and trim=FALSE); GAM algorithms were set by gam function using the default pa-

rameters of thin plate regression splines (smooth term s and smooth class bs=”tp”);

RF algorithms were set using the default parameters of ranger function providing

as variable importance mode the variance of the responses; BRT algorithms were

set using gbm.step function assigning tree.complexity=5, bag.fraction=0.75, learn-

ing.rate=0.005.

Finally, to convert probability predicted values to favourability we employed equation

1. Hence, we obtained 4000 SDMs as follows: 50 virtual species x 5 sample preva-

lence values x 2 sampling methods (random vs stratified) x 4 modelling techniques x

2 strategies (favourability vs probability).

2.4 Models evaluation

We estimated the model performances of probability-based and favourability-based

SDMs of 50 virtual species with the Continuous Boyce Index, a presence-only based

analysis focused on model predictions that removes the dependence on the Pres-
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ence/Absence ratio. Especially, it measures how much model predictions differ from

a random distribution of the observed presences (Boyce et al., 2002; Hirzel et al.,

2006).

Besides, the accuracy of the 50 virtual species’ probability SDMs under different de-

grees of sample prevalence were estimated by calculating the Area Under the Curve

(AUC) of the receiver operator characteristic (ROC).

Furthermore, for a single virtual species, we evaluated the variability of predictions

(i.e, the variability of the pixels) which was calculated as coefficient of variation of

the probability and favourability predictions accordingly to the change of sample

prevalence. We also calculated the difference between the coefficients of variations of

probability and favourability (i.e., CV probability - CV favourability) for each sta-

tistical model. The analysis was performed on multiple species in order to verify the

consistency.

2.5 Statistical tests

The levels of dispersion of the predictions of 50 virtual species (for each statistical

model) were compared by calculating the lower quartile qn (0.25) and the upper quar-

tile qn (0.75). In addition, we carried out a Kruskal-Wallis rank sum test (Kruskal

and Wallis, 1952) for testing the evenness of SDMs across different sample preva-

lence degrees. The test was performed on favourability-based and probability-based

predicted values of 50 virtual species for each sampling method and each statistical

model comparing the sample prevalence groups. Eventually, we evaluated the effect
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of the sampling design on the favourability and the probability predicted values of 50

virtual species for each sample prevalence performing a posthoc pairwise comparisons

using Dunn’s test (Dunn, 1964). The pairwise comparisons were carried out on a

subsample of the favourability-based and the probability-based distribution values.

3 Results

3.1 Models performance evaluation

For more than half of the sample prevalences, the favourability model had slightly

higher median Continuous Boyce index values (i.e., better performances) than the

probability model for all of the statistical models and for both sampling methods,

except for RF trained using a random sampling of presences and absences. Espe-

cially, GLM had higher performances using the favourability-based approach for both

the sampling methods and for all of the sample prevalences. Overall, the sampling

method (i.e., random and stratified) did not have a great impact on the model per-

formances (Fig. 2).

Furthermore, for all probability-based SDMs over the set of sample prevalence, cali-

brated using both the random sampling method and the stratified sampling method,

the model performances, estimated with the Area Under the Curve (AUC) of the

receiver operator characteristic (ROC), had a good accuracy ranging between 0.80

and 0.95 (Appendix, Fig. S6-S9).
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3.2 Effect of the sample prevalence on the predictions

The favourability distribution values of 50 virtual species’ predictions were steadier

across the degrees of sample prevalence than the probability distribution values (Ap-

pendix, Fig. S2-S5). Nevertheless, the Kruskal-Wallis test proved that there were

significant variations in both probability and favourability predicted values as the

sample prevalence changes for both sampling methods and for all of the statistical

models (Appendix, Tables S1-S2).

Besides, the variability of the predictions for a single species - i.e., the pixels vari-

ability - calculated as Coefficient of Variation across the sample prevalence values,

showed higher stability (i.e., lower CV) for the favourability-based SDM both for the

random sampling and for the stratified sampling (Fig. 3), (Fig. 4). Moreover, the

difference between the pixels variability of the probability predictions and the pix-

els variability of the favourability predictions confirmed that the favourability SDM

generates higher pixels stability as the sample prevalence changes. However, the gen-

eralized linear model showed a larger decrease in the pixels variability once the sample

prevalence was removed from the probability predicted values (Fig. 5).

3.3 Effect of the sampling method on the predictions

Although the sampling methods did not determine a great difference in the range

of the predicted values, the random sampling showed a lower range in comparison

to SDMs estimated using the stratified sampling (Appendix, Fig. S2–S5). Besides,

the Dunn’s test proved that the sampling designs generated significantly different
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species predictions for all probability and favourability outcomes at the spatial scale

(Appendix, Tables S3–S6).

4 Discussion

In this study we tested to which extent the favourability-based and the probability-

based SDMs are affected by sample prevalence and sampling method.

Concerning models’ performance, the Continuous Boyce index did not show a great

difference in the performance efficiency between favourability and probability models.

This behaviour could depend on the fact that the models have been calibrated with

the default parameters in order to be extended to 50 different species. Indeed, several

authors showed that the model parametrization has an impact on SDMs output (e.g.,

(Fourcade, 2021)). However, for more than half of sample prevalences we considered,

median Continuous Boyce Index values were slightly higher for favourability-based

SDMs than for probability-based SDMs. Besides, although Van Proosdij et al. (2016)

and Tessarolo et al. (2021) report a linear relationship between the model perfor-

mance and the sample prevalence, our outcomes of AUCs indicate an independence

of the accuracy of predictive models with respect to prevalence values (Guo et al.,

2015).

Concerning the spatial variability of predictions of a single virtual species, the pixels

variability across the degrees of sample prevalence was lower for the favourability-

based SDMs than for the probability-based. By comparing the distribution values of
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50 virtual species’ predictions this pattern was also been maintained; favourability-

based predictions showed steadier values across different sample prevalences than the

probability-based predictions, although they retain a certain degree of variability.

Indeed, the Kruskal Wallis rank sum tests highlighted a difference in the values of

both probability and favourability predictions across the different degrees of sample

prevalence. Hence, favourability-based SDMs do not maintain unchanged the pre-

diction values across different sample prevalence values (Real et al., 2006; Acevedo

et al., 2010; Romero et al., 2019), since they are created with a posteriori removal

of the sample prevalence after statistical model calibration, so that the correction

is made on the probability predictions. Consequently, the favourability model does

not lose any information about sample prevalence and, therefore, about species or

species-environment interactions, since the statistical model is still dependent on the

prevalence value. Furthermore, it allows obtaining more effective comparisons among

SDMs of different species or populations and time scales as a consequence of a lower

pixels variability. This makes the favourability an extremely powerful tool to broaden

our understanding of ecological trends such as the ecological niches pattern between

species (Pulido-Pastor et al., 2021), the environmental factors that favor the spread of

an invasive species (Romero et al., 2014; Baquero et al., 2021) or an epidemiological

vector (Aliaga-Samanez et al., 2021), the areal shift range under land and climate

changes (Muñoz et al., 2005; Chamorro et al., 2020).

However, it is of paramount importance to point out that the favourability-based

SDMs are dependent on the extent of analysis being chosen (VanDerWal et al., 2009),
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as well as on the spatial resolution of the predictors (Sillero and Barbosa, 2021), and

it is unequivocally associated with the environmental features of the study area (Bar-

bosa et al., 2009). On the other hand, the possible errors deriving from the modelling

technique being chosen (Rocchini et al., 2017) can invalidate the overall performance

and make the favourability SDMs matchless (Elith and Graham, 2009). Moreover,

although the benefits of favorability are promising, we cannot exclude the uncertainty

determined by biased sample collections both in occurrence (Rocchini et al., 2011)

and in background data (Phillips et al., 2009; Grimmett et al., 2020) which can affect

the results of the modelling process (Leitão et al., 2011; Beck et al., 2014). Indeed,

misleading or unstandardized sampling schemes can result in the so-called Wallacean

shortfalls (Lomolino, 2004; Hortal et al., 2015). For instance, biased sampling effort,

as a consequence of survey preferences in proximity to roads, centres of research,

infrastructures, or protected areas, may cause incomplete and distorted presences-

absences samples (Oliveiras et al., 2016; Ronquillo et al., 2020). Consequently, for

those modelling procedures that ignore the sampling effort bias, the local density of

occurrences of a species may be over- or under-estimated over space (Rocchini et al.,

2017, 2019).

According to our results, the sampling method of presences and absences does not

have a decisive impact on the predictions variability of favourabiliy-based and probability-

based SDMs across the degrees of sample prevalences. However, the random sampling

determined a greater uniformity around a narrower range of values (Appendix, Fig.

S2–S5). Besides, Dunn’s test confirmed that the sampling methods generate different
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prediction values at the spatial scale.

Broadly speaking, the sampling strategy we applied did not affect model perfor-

mances. Indeed, the influence of the sampling design often depends on the intensity

of bias of the samples used to train the model (e.g., location bias, geographical bias

and so on) (Syfert et al., 2013) but, in our case, there was no source of bias in the

sampling that could have considerably affected the accuracy. It has been shown as

some sampling methods can actually reduce the effect of the bias and increase the

model performance (Fourcade et al., 2014). However, Tessarolo et al. (2014) stated

that the sampling method is not the most important factor affecting SDMs perfor-

mance, even though they also concluded that the design may become more and more

important as the spatial extent of the species’ geographical distribution increases.

However, the question of what effect the sampling method would have on the model

calibration using presences and pseudo-absences rather than presences and absences

remains still open (Barbet-Massin et al., 2012).

5 Conclusion

Favourability might provide an important contribution to map species distribution,

especially for the fact that training datasets are often biased, as in the case of rare

species of important conservation value. Indeed, favourability-based SDM, although

it does not maintain unchanged the predictions values across different sample preva-

lences, proved to be effective in reducing their variability across different prevalence
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degrees compared to probability-based SDM. Besides, favourability model showed

high model performances for all of the modelling techniques being applied. There-

fore, according to our results, we can state that favourability-based SDM can defi-

nitely improve knowledge in community and population dynamics and provide useful

tools for biogeography conservation allowing to achieve more effective comparisons

among species distributions in space and their possible shifts over time. Nevertheless,

being aware that the favourability is not independent of the uncertainty related to

the sampling effort, the extent and the resolution of analysis, in a future study, these

elements should also be considered. In our study, the sampling methods, i.e., random

and stratified, revealed that they have a great impact neither in the variability of the

predictions across the set of sample prevalence values nor in the performance of the

models if no source of bias is present in the sampling.

However, having proved the advantages of favourability-based SDM with virtual

species, future studies on real species distribution models can be definitively promis-

ing in testing the real empirical power of favourability-based approach.
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Tessarolo, G., Rangel, T. F., Araújo, M. B., & Hortal, J. (2014). Uncertainty associ-

ated with survey design in Species Distribution Models. Diversity and Distributions,

20(11), 1258-1269. https://doi: 10.1111/ddi.12236

Tessarolo, G., Lobo, J. M., Rangel, T. F., & Hortal, J. (2021). High uncertainty in

27



the effects of data characteristics on the performance of species distribution models.

Ecological Indicators, 121, 107147. https://doi: 10.1016/j.ecolind.2020.107147

Thibaud, E., Petitpierre, B., Broennimann, O., Davison, A. C., & Guisan, A. (2014).

Measuring the relative effect of factors affecting species distribution model predic-

tions. Methods in Ecology and Evolution, 5(9), 947-955. https://doi: 10.1111/2041-

210X.12203

van Proosdij, A. S., Sosef, M. S., Wieringa, J. J., & Raes, N. (2016). Minimum re-

quired number of specimen records to develop accurate species distribution models.

Ecography, 39(6), 542-552. https://doi:10.5061/dryad.8sb8v

VanDerWal, J., Shoo, L. P., Graham, C., & Williams, S. E. (2009). Selecting

pseudo-absence data for presence-only distribution modeling: how far should you

stray from what you know?. Ecological modelling, 220(4), 589-594. https://doi:

10.1016/j.ecolmodel.2008.11.010

Warren, D. L., Glor, R. E., & Turelli, M. (2008). Environmental niche

equivalency versus conservatism: quantitative approaches to niche evolution.

Evolution: International Journal of Organic Evolution, 62(11), 2868-2883.

https://doi.org/10.1111/j.1558-5646.2008.00482.x

Wisz, M. S., Hijmans, R. J., Li, J., Peterson, A. T., Graham, C. H., Guisan, A., &

NCEAS Predicting Species Distributions Working Group. (2008). Effects of sample

size on the performance of species distribution models. Diversity and distributions,

14(5), 763-773. https://doi: 10.1111/j.1472-4642.2008.00482.x

28



Wood, S. (2017). Generalized Additive Models: An Introduction with R, 2 edition.

Chapman and Hall/CRC.

Wright, M. N., & Ziegler, A. (2017). ranger: A Fast Implementation of Random

Forests for High Dimensional Data in C++ and R. Journal of Statistical Software,

77(1), 1–17. https://doi.org/10.18637/jss.v077.i01

999

29



Figures

30



Figure 1: Workflow methodology for a single virtual species. First, we generated

the virtual species (yellow boxes), then we fitted the statistical models in accor-

dance with the sampling method and the sample prevalence being used to derive

probability-based and favourability-based SDMs (orange square). Finally, we evalu-

ated the models and tested the predictions with different statistical analyses (green

square).
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Figure 2: Distribution between first and third quartiles of continuous Boyce index

values of favourability-based and probability-based SDMs of 50 virtual species. The

graphs show the distribution values of Continuous Boyce indices estimated by ap-

plying Generalized Linear Models, Generalized Additive Models, Random Forest and

Boosted Regression Trees using random and stratified sampling methods.
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Figure 3: Predictions variability, i.e., pixels variability, of a single virtual species

calculated as Coefficient of Variation (CV) of favourability and probability SDMs

related to a random sampling of presence-absence points. The left column shows

the probability-based coefficients of variation for each statistical model (GLM, GAM,

RF, BRT), the central column the favourability-based coefficients of variation, and

the right column the difference values between the probability-based CV and the

favourability-based CV for each statistical model.
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Figure 4: Predictions variability, i.e. pixels variability, of a single virtual species

calculated as Coefficient of Variation (CV) of favourability and probability SDMs

related to a stratified sampling of presence-absence points. The left column shows

the probability-based coefficients of variation for each statistical model (GLM, GAM,

RF, BRT), the central column the favourability-based coefficients of variation, and

the right column the difference values between the probability-based CV and the

favourability-based CV for each statistical model.
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Figure 5: Distribution values between first and third quartiles of the difference be-

tween probability-based and favourability-based coefficients of variation for each sta-

tistical model (i.e., GLM, GAM, RF, BRT) and sampling method (i.e., random and

stratified sampling) for a single virtual species.
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