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Abstract
Micro-endemic animals face high extinction risks. Species distribution models offer pow-
erful tools for effective conservation strategies, but their implementation is hindered by 
the resolution of environmental data such as land cover. Here, we assessed the efficacy of 
one regional versus two continental land cover datasets in predicting habitat suitability for 
Salamandra atra aurorae, a fully terrestrial amphibian endemic to a ca. 30 km2 area in 
Northern Italy. We built three species distribution models with the same spatial resolution 
of 100 × 100 m using the same topographic and climatic predictors but varying the land 
cover dataset describing forest classes. We used a composite regional dataset assembled 
from local sources, the Corine Land Cover and the Sentinel-2 Global Land Cover, and 
compared their capacity to identify the ecological requirements of the species. The models 
performed comparably, identifying elevation, temperature, and tree composition as pri-
mary drivers of habitat suitability and predicting similar suitable areas. However, while all 
models recognized coniferous forests as more suitable than broadleaf forests, only the land 
cover classification of the regional dataset allowed to identify different suitability among 
coniferous forests. Notably, the model using the regional dataset identified old-growth 
stands with Abies alba as the most suitable, aligning with previous ecological studies. 
Our case study highlights the limitations of widely used continental land cover datasets in 
recognising key environmental features influencing habitat suitability for a micro-endemic 
animal. We showed that incorporating regional land cover data can enhance the accuracy 
of species distribution models providing more detailed ecological information to guide 
conservation efforts.

Keywords  Range-restricted species · Endemic · Environmental predictors · Habitat 
suitability · Salamandra atra aurorae
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Introduction

Species distribution models (SDMs) are powerful tools to drive effective actions for the 
conservation of endangered species (Guisan et al. 2013; Mcshea 2014). They can be used 
to identify key environmental features influencing the probability of occurrence of a spe-
cies and therefore to predict how the habitat suitability varies across the landscape (Guisan 
and Zimmermann 2000; Guisan and Thuiller 2005; Elith and Leathwick 2009). SDMs are 
particularly valuable for species with narrow ranges (i.e. micro-endemic species), which are 
more susceptible to extinction than widespread species and are therefore among the priority 
targets of conservation (Botts et al. 2013).

However, building adequate SDMs for micro-endemic species is particularly challeng-
ing. These species often show narrow habitat requirements, which are hard to be adequately 
captured by the thematic resolution (i.e. preciseness of categorical variable classification) 
of the major available datasets of environmental variables (Mortelliti et al. 2007; Ficetola 
et al. 2020; Luo et al. 2021). Moreover, many micro-endemic species have relatively small 
body size, narrow home ranges and limited dispersal, so that SDMs would require a higher 
spatial resolution than the coarser resolution of many of the available datasets (Bradie and 
Leung 2017; Gastón et al. 2017; Lembrechts et al. 2019).

SDMs often leverage environmental data acquired by satellites through remote-sensing, 
at a global or continental scale (Pettorelli et al. 2014; Rose et al. 2015; Turner et al. 2015). 
Besides climatic data, many SDMs employ satellite remote-sensing data on the land type 
(e.g., vegetation) and human use of the land, often referred to as 'land cover' (Comber et al. 
2005). In Europe, for example, the Corine Land Cover is one of the most popular sources for 
land cover data for SDMs applied to conservation (Edman et al. 2011; Virkkala et al. 2013; 
Garrote et al. 2020). However, these land cover datasets are often unsatisfactory to model 
the distribution of micro-endemic species due to their low thematic and/or spatial resolu-
tion. For instance, the Corine Land Cover has a minimal mapping unit of 25 ha, i.e., land 
cover patches with a surface < 25 ha are ignored. Land cover datasets with a much smaller 
minimal mapping unit (less than 1 ha), such as Sentinel-2 Global Land Cover (Venter et al. 
2023) are becoming progressively available but their thematic resolution remains limited, 
especially for distinguishing forest classes. A promising avenue is represented by remote 
sensing technologies like ‘light detection and ranging’ (LiDAR), which are increasingly 
used to obtain high-resolution maps and precise estimates of habitat structure, like the 3D 
structure of forests (Palace et al. 2016; Moran et al. 2018; Xiang et al. 2024; Wang et al. 
2024). Nonetheless, such technologies are still costly, especially when applied to areas of 
tens or hundreds of square kilometres, and data are often not open access.

A valuable alternative can be found in the more detailed land cover datasets produced 
by local administrations for limited areas and characterized by a higher thematic resolution 
(regional land cover datasets) (Tulbure et al. 2022). Such datasets are generally overlooked 
for building SDMs but have often the advantage of integrating and refining the interpreta-
tion of satellite imagery with targeted field surveys. Nonetheless, the methodology is largely 
heterogeneous among administrations and thus among areas, so that their implementation in 
SDMs is not straightforward.

In this study, we aim to evaluate how a composite and curated regional land cover data-
set may contribute to improve a SDM for an endangered micro-endemic terrestrial ani-
mal, namely the golden alpine salamander (Salamandra atra aurorae). For this aim, we 
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built alternative SDMs for the same study area using the same occurrence data, the same 
high resolution topographic and climatic predictors, but different land cover datasets: two 
widely-use continental datasets and one composite regional dataset. We then compared the 
different models for their performance and their capacity to account for the known ecologi-
cal requirements of the golden alpine salamander. The latter is one of the most threatened 
European amphibians and a SDM model may be useful to guide effective conservation 
actions, by identifying key habitat features and predicting other suitable areas where the 
salamander is absent or not yet recorded.

Methods

Study species

The golden alpine salamander (Salamandra atra aurorae; Trevisan et al. 1982) is a geneti-
cally and phenotypically distinct lineage (Bonato et al. 2018) considered at risk of extinction 
by the Italian IUCN red list (Rondinini et al. 2022) which classified it as ‘endangered’. It 
is endemic to a small area in the European Alps: the known distribution is restricted to the 
northern part of the Sette Comuni plateau, between Vezzena and Marcesina, in the Venetian 
Prealps, Northern Italy, at an elevation between 1200 and 1800 m a.s.l. (Fig. 1) (Romanazzi 
and Bonato 2014). The known distribution is fragmented in three main areas, for a total 
extent of occurrence of ~ 31 km2 (unpublished data). However, the fine-scale distribution 

Fig. 1  Study area and known distribution of the golden alpine salamander (Salamandra atra aurorae). 
Convex hulls include all reliable records with spatial uncertainty < 100 m
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within the plateau is still known only partially, due to the elusiveness of the animals and the 
lack of extensive surveys.

Previous ecological studies suggested that the golden alpine salamander is associated 
with mature forests offering abundant refuges on the ground (Bonato and Fracasso 2014; 
Romano et al. 2018). However, not all the forest stands appear to be equally suitable: homo-
geneous and dense plantations of Norway spruce (Picea abies) seem to be less suitable than 
heterogeneous and old-growth forests where the Norway spruce mixes with silver fir (Abies 
alba) and beech (Fagus sylvatica)(Bonato and Fracasso 2014).

Study area

The study area was defined in QGIS (https://www.qgis.org) to include all known locations 
of the golden alpine salamander and the entire surrounding area that is available for colo-
nization, up to strong barriers to dispersal, based on the known physiology, ecology and 
mobility of these animals (Fig.  1). Thus, we included the entire upper part of the Sette 
Comuni plateau in the Venetian Prealps (Italy), while excluding its marginal slopes towards 
the surrounding glacial valleys and the lowland. The boundaries of the study area were set 
to correspond to the clearcut geomorphological edges around most of the plateau, and to the 
1000 m contour line along the more gradual southern slope facing the lowland. The study 
area covers a surface of ~ 496 km2 and is included in two administrative units, namely the 
Veneto Region (451 km2) and the Autonomous Province of Trento (45 km2) (Fig. 1).

Occurrence records

The records of golden alpine salamander summarized by Romanazzi & Bonato (2014) were 
integrated with subsequent records collected by (i) a comprehensive review of publica-
tions, (ii) field surveys in apparently suitable areas, and (iii) the critical evaluation of occa-
sional sightings reported by local people and tourists. In detail, the database compiled by 
Romanazzi & Bonato (2014) was integrated with the records reported by all subsequent 
publications and their associated datasets (mainly: Bonato et al. 2018; Romano et al. 2018), 
other unpublished observations by the authors and collaborators performed through moni-
toring activities or occasional surveys during the last decade, and other documented obser-
vations by people replying to a request for collaboration disseminated by e-mails, posters in 
public places and informative events (following the approach used by Bonato & Romanazzi 
2014). The resulting database consisted of 599 reliable records ranging from 1980 to 2021 
(Fig. S1).

Environmental predictors

We used environmental predictors describing topography, microclimate and land cover 
(Table 1), which were selected based on the known biology and ecology of the golden alpine 
salamander (Bonato and Fracasso 2014; Romano et al. 2018).
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Topography

We estimated three topographic variables, i.e., elevation, slope and aspect (Table 1), from 
the TINITALY Digital Elevation Model, available for the entire Italian territory at a 10 m 
resolution (Tarquini et al. 2007). Topographic variables were calculated in the R environ-
ment (v. 4.2.2; R Core Team 2022), using the function ‘terrain’ from the package raster 
(Hijmans 2023). Due to the circular nature of aspect, we applied a cosine transformation to 
obtain an index of ‘northness’, with values ranging from 1 (northward aspect) to -1 (south-
ward aspect).

category dataset predictor label class/es 
in the 
original 
dataset

topography - elevation a.s.l. elevation -
slope slope -
cosine of aspect northness -

microclimate - mean morning 
Land Surface 
Temperature 
in the activity 
season

LST -

land cover CLC strong domi-
nance of Fagus 
sylvatica

beech 311 - 
‘broad-
leaved 
forest’

strong domi-
nance of conifers

conifers 312 - 
‘conif-
erous 
forest’

mixed Fagus 
sylvatica and 
conifers

mixed 313 - 
‘mixed 
forest’

S2GLC dominance of 
Fagus sylvatica

beech ‘broad-
leaves 
tree 
cover’

dominance of 
conifers

conifers ‘coni-
fers tree 
cover’

regional dominance of 
Fagus sylvatica

beech see 
Table 
S1dominance of 

Picea abies, 
scarcity of Abies 
alba

Norway 
spruce

abundance of 
Abies alba

silver fir

Table 1  Predictors selected for 
the species distribution models 
of the golden alpine salamander 
(Salamandra atra aurorae) in 
the Sette Comuni plateau (North-
ern Italy)

Abbreviations for land cover 
datasets: CLC = Corine Land 
Cover; S2GLC = Sentinel-2 
Global Land Cover
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Microclimate

We considered the mean Land Surface Temperature (LST) (Lembrechts et al. 2019) in the 
morning, during the season of epigean activity of the salamanders, i.e., between April and 
October (Bonato and Fracasso 2014). We estimated the values of LST with a resolution 
of approximately 30 m using the cloud-based platform Google Earth Engine (Gorelick et 
al. 2017) following the approach of Ermida et al. (2020). This approach allows to account 
for the effect of vegetation on LST adjusting emissivity values based on vegetation cover 
through the Normalized Difference Vegetation Index (NDVI). Specifically, we calculated 
the mean LST from 514 measurements collected by three different satellites (LandSat 5, 
LandSat 7, LandSat 8) in different days during the 29-year period between 1990 and 2018, 
between April and October, between 8:52 and 10:07 a.m. UTC (Fig. S2). All measurements 
were selected from the Tier 1 collection, which has the highest data quality. To exclude 
measurements affected by cloud cover, we first retained only images with less than 33% of 
cloud cover and then we applied the function bitwiseAnd to the retained images, selecting 
the QA_PIXEL band to exclude cloudy pixels (for more information see the open-access 
code from Ermida et al. 2020). We did not retrieve data from the years after 2018 due to a 
severe windstorm happened in late October 2018, which caused extensive damage to the 
forest in the study area, leading to the fall of millions of trees and therefore considerably 
changing the land cover of the area (Giannetti et al. 2021). Before the windstorm in autumn 
2018, the land cover of the area remained virtually identical since 1990.

Land cover

We considered three different land cover datasets (Table  1): (i) the latest version of the 
Corine Land Cover (CLC), released in 2018 by the Copernicus Land Monitoring Service of 
the European Union; (ii) the latest version of the Sentinel-2 Global Land Cover (S2GLC), 
released in 2017 by the European Space Agency (Malinowski et al. 2020); (iii) a regional 
dataset obtained by harmonizing and merging the most recent land cover sources made 
available by the two administrations encompassing the study area (Veneto Region and 
Autonomous Province of Trento), through their institutional geoportals.

In detail, the regional dataset was assembled from: (i) a land cover dataset produced for 
the territory of the Veneto Region by integrating data from orthophotos dated 2000–2001 
(Landsat 5–7) with different thematic maps and datasets on forest types and habitats (Del 
Favero 2000; ARPAV and ISPRA 2010), and validated with targeted field surveys; (ii) a 
land cover dataset produced for the territory of the Trento Province by a recent survey and 
analysis of forest types (Odasso et al. 2018a, b). As the two datasets of the Veneto Region 
and the Trento Province were based on different operational criteria of land cover classifica-
tion and therefore different sets of classes, we rearranged the two datasets into a consensus 
classification (Table S1).

For each land cover dataset (CLC, S2GLC, regional), we considered the most relevant 
classes of forest vegetation represented in the study area. Three classes were distinguished 
by the CLC dataset, (Table 1; Fig. S3a): (i) forests with strong dominance of broad-leaved 
trees, dominated by beech, Fagus sylvatica, in the study area; (ii) forests with strong domi-
nance of conifers, dominated by Norway spruce, Picea abies, sometimes associated with 
silver fir, Abies alba, with variable abundance, or sometimes with dominance of larch, Larix 
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decidua; (iii) forests with similar proportions of broad-leaved trees and conifers, usually 
beech mixed with Norway spruce and/or silver fir. Instead, only two classes were distin-
guished by the S2GLC dataset (Table 1; Fig. S3b): (i) forests with dominance of broadleaved 
trees vs. (ii) forests with dominance of conifers. Finally, three classes were distinguished in 
the consensus classification of the regional database (Table 1; Fig. S3c; Table S1): (i) forests 
with dominance of beech; (ii) forests with dominance of Norway spruce and negligible pres-
ence of silver fir; (iii) forests with substantial presence of silver fir even though often mixed 
or dominated by Norway spruce.

The three land cover datasets thus differed in their thematic resolution (more forest 
classes are distinguished in the CLC and regional datasets, in comparison to the S2GLC 
dataset), in the criteria of classification of the forests (classes are defined differently between 
the datasets), and also in the resolution applied to distinguish patches with different forest 
classes (while the CLC dataset does not distinguish patches less than 25 ha and narrower 
than 100 m, the S2GLC and the regional land cover datasets distinguish patches as small as 
1 ha or smaller, and at least 20 m wide; Table S2).

Model building

We built three ensemble SDMs, one for each land cover dataset (CLC, S2GLC, regional), 
but including the same topographic and microclimatic predictors in all ensembles (Table 1). 
Data preparation and statistical analyses were conducted with the R software version 4.2.2 
(R Core Team 2022).

All SDMs were implemented at a spatial resolution of 100 × 100  m. Therefore, we 
selected only occurrence records of S. atra aurorae with a spatial uncertainty < 100 m and 
not older than year 1992, thus retaining 519 records, corresponding to 108 occupied grid 
cells. Moreover, all predictors were upscaled to the resolution of 100 × 100 m, using the R 
package raster (Hijmans 2023): the raster files of the topographic and microclimate predic-
tors were upscaled using the function ‘aggregate’ with the mean; the land cover shapefiles 
were rasterized and, for each 100 × 100 m cell, the amount of area occupied by each land 
cover class was estimated with the function ‘resample’ and the bilinear method.

We checked for the collinearity of the five predictors (elevation, slope, northness, LST 
and land cover) for each ensemble SDM, with both the pairwise Pearson’s correlation coef-
ficient, using the function ‘layerStats’ of the package raster (Hijmans 2023), and the Vari-
ance Inflation Factor (Zuur et al. 2010), using the function ‘vifstep’ from the package usdm 
(Naimi et al. 2014). All the five predictors were retained because none of them showed 
strong correlation (all pairwise Pearson’s correlation coefficients |r| < 0.6, Fig. S4; all Vari-
ance Inflation Factors < 2, Table S3).The SDMs were built using the R package biomod2 
v.4.2 (Thuiller et al. 2023) with the Random Forest algorithm (Breiman 2001; Valavi et al. 
2021). For each of the three land cover datasets (CLC, S2GLC and regional), we randomly 
selected ten series of 100 pseudo-absences within the study area, i.e. within the entire area 
accessible by the species (see par. 2.2) (Phillips et al. 2009; Godsoe 2010). For each series 
of pseudo-absences, we developed models with a five-fold cross-validation procedure, i.e., 
partitioning the full dataset of presences and pseudo-absences in five equal sets (i.e., folds) 
and using four sets (80% of the data) for training and the remaining set (20% of the data) 
for testing. For each 100 × 100 m cell of the study area, we calculated the mean habitat suit-
ability between the values obtained by all 50 models (ten pseudo-absence replicates and five 
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cross-validation replicates), to produce an ensemble model. After repeating the entire pro-
cedure for each of the three land cover datasets (CLC, S2GLC and regional), we obtained 
three ensemble SDMs.

As SDMs may produce unreliable predictions when applied over areas with environ-
mental conditions not found at the training points (Owens et al. 2013), we computed an 
environmental overlap mask to explore extent and distribution of areas with novel condi-
tions, with the mecofun R package (Zurell et al. 2012). For each ensemble SDM we fol-
lowed this procedure merging the ten sets of pseudo-absences and all the occurrences. We 
distinguished areas where values for at least a predictor are outside the calibration range 
(i.e., strict extrapolation) (Elith et al. 2010), as well as areas where all predictors have values 
within the calibration range but the combination of their values is new (i.e., combinatorial 
extrapolation) (Zurell et al. 2012).

We also performed a manual tuning of model parameters to minimize the overfitting of 
the models, as indicated by the difference between the ‘Area Under the receiver operating 
characteristic Curve’ computed on the training data (AUCtrain) and the same metric com-
puted on the testing data (AUCtest). The AUC is a threshold-independent metric commonly 
used to evaluate the predictive performance of SDMs (Fielding and Bell 1997) and the dif-
ference between AUCtrain and AUCtest is a measure of overfitting of the model, with larger 
values indicating a greater ability to predict training data but a lower ability to predict novel 
data (Radosavljevic and Anderson 2014).

As model outputs may be affected by the algorithm used, we re-built all the models using 
the Maxent algorithm (Phillips et al. 2006), to verify the robustness of the results obtained 
with Random Forest. We used the same number of randomly generated series of background 
points (10 series of 100 background points, i.e., points used by Maxent to characterize 
background environmental conditions) and applied the same five-fold cross-validation pro-
cedure. The tuning of the model using the Maxent algorithm was performed applying the 
pre-defined parameters of the option ‘bigboss’ from biomod2 package (Thuiller et al. 2025).

Model comparison

We compared the performance of the three ensemble SDMs by both the ‘Area Under the 
receiver operating characteristic Curve’ computed on the testing data (AUCtest) (Fielding 
and Bell 1997) and the ‘True Skill Statistic’ (TSS) (Allouche et al. 2006), which indicates 
the match between predictions and observations while being independent of prevalence. We 
performed an analysis of variance (ANOVA) of AUCtest and TSS to identify significant dif-
ferences between the three ensemble SDMs.

Analysis of the predictors

For each ensemble SDM, we estimated the influence of each predictor on the habitat suit-
ability of the species using the ‘permutation importance’, i.e. the percentage decrease of the 
AUCtrain after randomly permuting the values of the predictor at the training cells (including 
presences and pseudo-absences). We also evaluated how the habitat suitability is affected by 
each predictor by estimating the response curve of each predictor (Elith et al. 2005).
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Analysis of habitat suitability

To estimate the potential distribution range of the golden alpine salamander over the entire 
study area, for each ensemble SDM we distinguished between suitable and unsuitable 
100 × 100  m cells based on the values of the predicted habitat suitability. We applied a 
threshold that maximizes the True Skill Statistics (max TSS) (Liu et al. 2016), using the 
binary projection produced by the R function ‘BIOMOD_Projection’.

Moreover, the mean habitat suitability values of the cells were compared across the three 
ensemble SDMs performing a ‘repeated measures Analysis of Variance’ with the function 
‘anova_test’, followed by a post hoc test using the function ‘pairwise_t_test’ from the pack-
age rstatix (Kassambara 2023).

Results

Model performance

The three ensemble SDMs, including the same topographic and microclimatic predictors 
but three different sets of land cover predictors (Table  1), had similar and good perfor-
mances according to both AUCtest and TSS (Fig. 2; Table S4). The overfitting was low for 
all SDMs (AUCtrain – AUCtest = 0.03–0.04; Table S4). Strict extrapolation to novel condi-
tions was low for all SDMs and mostly limited to a single deep valley at the southwestern 

Fig. 2  Performance of the three ensemble species distribution models for the golden alpine salamander 
(Salamandra atra aurorae) in the Sette Comuni plateau, Northern Italy, based on different land cover 
datasets: Corine Land Cover (CLC), Sentinel-2 Global Land Cover (S2GLC) and regional land cover 
dataset. For each ensemble model, the Area Under the Curve computed on the testing data (AUCtest) and 
the True Skill Statistic (TSS) were calculated for 50 iterations based on ten series of pseudo-absences 
and five-fold cross validation. The box plots illustrate the median (horizontal line), interquartile range 
(box), the variability outside the interquartile range (Q1/Q3 -/+ 1.5 * interquartile range, whiskers) and 
outliers (dots)
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margin of the study area (Fig. S5). Combinatorial extrapolation was higher but uniformly 
distributed across all the study area (Fig. S5).

The SDMs based on the regional land cover and Sentinel-2 Global Land Cover showed 
slightly higher performance than the SDM based on the Corine Land Cover, for both AUCtest 
and TSS (Fig. 2; Table S4), however without statistically significant differences. The values 
of overfitting were comparable across the models (Table S4).

Importance of environmental predictors

The permutation importance of the land cover predictors vs. the topographic and microcli-
mate predictors in influencing the occurrence of the golden alpine salamander varied across 
the models (Fig. 3). In the SDM based on the Corine Land Cover, the predictor exhibiting 
the highest contribution was the land surface temperature, followed by the dominance of 
conifers, elevation, and northness (Fig. 3). Conversely, in the SDM based on the Sentinel-2 
Global Land Cover, the dominance of conifers appeared as the most important predictor, 
followed by the land surface temperature, elevation, and northness (Fig. 3). Finally, in the 
SDM based on the regional land cover dataset, where the dominance of Picea abies (Nor-
way spruce) and the abundance of Abies alba (silver fir) are distinct predictors, the latter 
showed the highest contribution, followed again by the land surface temperature and the 
elevation (Fig. 3).

The described patterns of variable permutation importance were very similar to the one 
predicted by the models built with the Maxent algorithm (Fig. S6), confirming that our 
results were consistent across the two algorithms used. The few differences were that Max-
ent models showed an overall higher variability between replicates and predicted a higher 
importance for the topographic variables (Fig. S6) in respect of the models built with the 
Random Forest algorithm (Fig. 3).

The response curves for the topographic and microclimatic predictors were coherent 
across the models (Fig. S7; see also insets in Fig. 4). With respect to elevation, the habitat 
suitability for the golden alpine salamander was higher above ~ 1300 m and slightly higher 
in the interval of ~ 1300–1600 m. With respect to the mean morning Land Surface Tempera-
ture in the activity season, the habitat suitability increased distinctly for values lower than 
17 °C, and was slightly higher in the interval of ~ 15–17 °C. With respect to the land cover 
predictors, in both SDMs based on the Corine Land Cover and Sentinel-2 Global Land 
Cover datasets the habitat suitability gradually increased with the dominance of conifers 
(Fig. S7). On the other hand, in the SDM based on the regional land cover dataset the habitat 
suitability increased with the presence and abundance of silver fir (inset in Fig. 4), while it 
was not affected by the dominance of Norway spruce (Fig. S7).

Habitat suitability

The mean value of the predicted habitat suitability, considering all the 100 × 100 m cells of 
the study area, was significantly different between all pairs of ensemble models (repeated 
measures ANOVA: p < 0.001), with CLC predicting the highest mean habitat suitability 
(mean = 0.35, sd = 0.28) and S2GLC the lowest (mean = 0.29; sd = 0.283) (Fig. S8). Also, 
the total number of predicted suitable cells, and therefore the predicted size of the potential 
range, were different between the three models (Fig. 5): 82.5 km2 for the SDM based on 
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Fig. 3  Permutation importance of the predictors in influencing the occurrence of the golden alpine sala-
mander (Salamandra atra aurorae) in the Sette Comuni plateau, Northern Italy, in three ensemble species 
distribution models based on different land cover datasets: Corine Land Cover (CLC), Sentinel-2 Global 
Land Cover (S2GLC), and regional land cover dataset. Predictors are defined in Table 1. Colours of box-
plots indicate the category of the predictors (topography, microclimate, land cover; see Table 1)
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the Corine Land Cover dataset, 69.2 km2 for the SDM based on the Sentinel-2 Global Land 
Cover, and 71.1 km2 for the SDM based on the regional land cover dataset (Fig. S8). The 
spatial distribution of the suitable cells was consistence across the models (Fig. 5). Besides 
the known area of occupancy of the golden alpine salamander (Fig. 1), the SDMs recog-
nised other suitable areas in the north-western and north-eastern parts of the Sette Comuni 
plateau, but also in the southern part (Figs. 4 and 5).

Discussion

Modelling the distribution of a micro-endemic terrestrial species using three land cover 
datasets, with varying thematic and spatial resolution, showed that the lower thematic reso-
lution of the two widely-use continental dataset hindered the identification of the ecologi-
cally relevant forest class for the species. Thus, although all the three SDMs performed 
similarly, the thematic resolution of land cover classes was critical for obtaining ecologi-
cally sound results that can be used for conservation purposes.

Model performance and predicted ecological niche

The high performances of all models indicated that the selected environmental predictors 
and the implemented spatial resolution (100 × 100 m) were sufficient to model the distribu-
tion of a terrestrial animal with a known range of only ~ 31 km2 within a potentially colo-
nizable area of less than 500 km2. These results were in line with previous studies showing 

Fig. 4  Distribution of habitat suitability predicted for the golden alpine salamander (Salamandra atra 
aurorae) in the Sette Comuni plateau (Northern Italy) and response curves for the three most important 
predictors, according to the ensemble species distribution model implemented with the regional land 
cover dataset. Suitable areas are distinguished from unsuitable areas based on a threshold that maximizes 
the True Skill Statistic (see Methods)
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the effectiveness of a similar spatial resolution to model the distribution of other species 
(Pradervand et al. 2014; Nezer et al. 2017), including other range-restricted small terrestrial 
animals (Ficetola et al. 2020).

The habitat suitability of the golden alpine salamander within the Sette Comuni pla-
teau was substantially driven by the microclimate (as indicated by the mean Land Surface 
Temperature), the elevation, and major features of the forest composition, which consis-
tently ranked among the most important predictors in all the SDMs (Fig. 3). Such results 
were expected since the distribution of species living in mountain areas is often constrained 
by topographic, microclimatic, and vegetation factors (Feldmeier et al. 2020; Stark et al. 
2022). However, the differences in thematic resolution (i.e., the number of recognized land 
cover classes) among land cover datasets yielded varying results regarding the role of forest 
composition.

Fig. 5  Potential range of the golden alpine salamander (Salamandra atra aurorae), predicted by three en-
semble species distribution models employing different land cover databases: Corine Land Cover (CLC), 
Sentinel-2 Global Land Cover (S2GLC), and regional land cover
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Continental vs. regional land cover datasets

The higher thematic resolution of the regional land cover dataset allowed discriminating 
between different classes of coniferous forest stands, highlighting the presence of silver firs 
(Abies alba) as the strongest predictor affecting the distribution of the salamander, instead 
of other conifers, like the more common and widespread Norway spruces (Picea abies) 
(Fig.  3). This suggested that not all the coniferous forest stands present in the area are 
equally suitable for the golden alpine salamander, an information that could not be retrieved 
using the two continental land cover datasets (CLC and S2GLC), which are characterized 
by a lower thematic resolution. The importance of forest with silver firs is in agreement with 
the ecological requirements of the golden alpine salamanders indicated by previous studies 
on small sampling areas (Bonato and Fracasso 2014; Romano et al. 2018).

The difference in the extent of suitable area predicted by the model based on CLC (82.5 
km2) in comparison with the other models (S2GLC 69.2 km2 and regional LC 71.1 km2) 
could be a consequence of the much broader minimal mapping unit of the CLC (25 ha) in 
comparison with the other models ( < = 1 ha) (Table S2).

Implications for conservation

The inability of continental land cover datasets (CLC and S2GLC) to distinguish between 
different types of coniferous forest can have profound implications if the outputs of those 
models are uncritically applied to inform data-driven management decisions for conserva-
tion purposes. This is especially dangerous for endangered narrow-distributed species. A 
misidentification of the habitat requirements of the species can result in focusing conserva-
tion efforts in areas with suboptimal or unsuitable habitat, thus failing to reach the goal and 
wasting resources for biodiversity protection.

In the case of the golden alpine salamander, even though the models based on continental 
land cover datasets suggested that all coniferous stands are generally suitable, actually the 
model based on the regional land cover dataset indicated that denser secondary monospecific 
stands of Norway spruce are much less suitable than the old-growth and heterogenous rel-
ics of the autochthonous coniferous forests where silver fir associates with Norway spruce. 
This result is in agreement with previous studies on the ecology of the species (Bonato and 
Fracasso 2014; Romano et al. 2018). If conservation practices such as habitat restoration 
were employed, the risk would be to favour suboptimal or inadequate conditions (Hale and 
Swearer 2017). In the case of the golden alpine salamander, the risk is to favour the conser-
vation of the less suitable but already abundant stands of Norway spruce (representing 56% 
of the forests in the study area; Fig. S3c) instead of recreating more suitable forests with sil-
ver firs and other tree species (currently, only 25% of the forests in the study area; Fig. S3c).

Moreover, to implement successful conservation measures, we need to pair the correct 
identification of the components of the suitable habitat with an accurate identification of the 
most suitable areas and a precise estimate of their overall extent and continuity. Overesti-
mating extent and continuity of suitable areas can lead to underestimating the risk of extinc-
tion of a species, justifying a reduction in the level of protection for both the species and its 
habitat (according to the B criterion of the IUCN Red List). Consequences can be detrimen-
tal especially for range-restricted species, which often exhibit narrow habitat requirements 
and are more threatened (Botts et al. 2013; Ripple et al. 2017; Chichorro et al. 2019).
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Local administrations can use habitat suitability maps to plan land cover management or 
identify priority areas to protect or restore (Guisan et al. 2013). Furthermore, habitat suit-
ability maps represent a useful tool to guide the search of elusive and poorly known species, 
as often are range-restricted species (Fois et al. 2018). We therefore recommend consider-
ing regional sources of land cover data when modelling the distribution of range-restricted 
or micro-endemic species, as the increased thematic resolution may be more effective in 
describing the ecological niche of the species.

Limitations and future developments

While we were able to identify the ecologically relevant predictors of the occurrence of the 
golden alpine salamander, to comprehensively model the ecological niche of the species we 
would have benefited from the inclusion of additional variables, like more detailed features 
of the forest structure, the amount of precipitation or the soil humidity, the availability of 
refugees at the ground, and biotic interactions, all environmental features that are known or 
expected to affect the presence of the salamander. Nevertheless, the use of a long-term data-
base of curated occurrence records coupled with a careful selection of predictors adapted to 
the specific context of our study area enabled us to obtain models with good performances, 
leveraging a few environmental variables that can be considered proxies of many other 
variables that were not available to input in the models.

As shown in our study case, assembling a regional land cover dataset often involves 
several challenges, which do not affect continental datasets like the two tested in this study. 
Some of the challenges we encountered include: the scarcity or absence of temporal rep-
licates of land cover data, which hinders the assessment of land cover changes over time; 
differences in land cover categorization among territories under different administrations, 
as well as different operational definitions of land cover classes, different methods for class 
assignment and for mapping, and different standards to release metadata reporting meth-
odology and sources. Additionally, since our study area encompassed two administrative 
regions, we had to harmonize two land cover datasets derived from different sources, each 
using its own set of land cover classes (Table  1, Table S1). At a global level, a further 
challenge regards the lack of centralized repositories for accessing local or regional data. 
Nonetheless, many regions have developed detailed land cover datasets that can be accessed 
through national or regional portals like the Queensland Land Use Mapping Program in 
Australia (​h​t​t​p​s​:​​/​/​w​w​w​​.​q​l​d​.​g​​o​v​.​a​​u​/​e​n​v​​i​r​o​n​m​​e​n​t​/​l​a​​n​d​/​m​​a​n​a​g​e​​m​e​n​t​/​​m​a​p​p​i​n​​g​/​s​t​​a​t​e​w​i​d​e​-​m​o​n​
i​t​o​r​i​n​g​/​q​l​u​m​p), the Alberta Biodiversity Monitoring Institute in Canada (​h​t​t​p​s​:​​/​/​a​b​m​​i​.​c​a​/​a​​
b​m​i​-​​h​o​m​e​/​​w​h​a​t​-​​w​e​-​d​o​/​​l​a​n​d​​-​c​o​v​e​​r​-​a​n​d​​-​l​a​n​d​-​​u​s​e​-​​m​a​p​p​i​n​g​.​h​t​m​l), or the regional geoportals 
in Italy (e.g., https://www.geoportale.regione.lombardia.it/ or ​h​t​t​p​s​:​/​/​g​e​o​p​o​r​t​a​l​e​.​i​g​r​.​p​i​e​m​o​n​
t​e​.​i​t​/​c​m​s​/​​​​​)​.​​

As the availability of high-resolution remote sensing products progressively increases, 
the main challenge for future research remains the integration of such products with the 
local knowledge of the territory (Wulder et al. 2022). Combining high-resolution continen-
tal- or global-scale remote-sensing data with regional sources could increase the thematic 
resolution of land cover datasets, enabling the development of species distribution models 
tailored to the regional context, benefiting the conservation of range-restricted species.
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Conclusion

Our findings underscore the value of the available regional land cover datasets for devel-
oping ecologically sound species distribution models for micro-endemic species, and for 
informing tailored conservation strategies aligned with specific local contexts. Simultane-
ously, we emphasize the importance of collecting and generating higher-quality regional 
land cover data that adhere to standardized guidelines across contiguous regions and offer 
transparent metadata.
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