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Abstract: The aims of the study were to generate habitat suitability models for 19 common small mammal species
in order to 1) compare two approaches to eliminate the effect of sampling bias and spatial autocorrelation,
2) choose the best model and provide accurate high resolution habitat suitability maps, 3) examine the
obtained relationships within the context of ecological realism of the models, and 4) evaluate the poten-
tial of satellite imagery in the modelling process. The models were fitted using three different sets: (1)
all data (ID-models); (2) by using spatial bias file (MBD-models); and (3) spatial filtering (SF-models).
Although MBD- and SF- models showed lower performance statistics they produced ecologically more
reliable habitat suitability maps than ID-models, especially for widely distributed species. MBD-models
produced an optimal output that provides the maximal explanation of input data while still maintaining
generality. Models based on this approach were chosen to produce the final maps. According to the AUC
values of test partition, 6 models were fair, 7 were good, and 6 were excellent. Across all fitted models,
the highest percentage contribution was on average for altitude, which had a contribution of 54.3 %,
followed by the PC1 of reflectance data (9.9%), topographic wetness index (7.1%), aspect (6.9%), PC2
(4.9%), slope (3.4%), and PC3 (2.0%). The species-environment relationships registered by the models
corresponded very well to the known ecology of the studied species. It was shown that raw Landsat ETM+
data integrated with topographical variables have the potential to produce models that have a high degree
of ecological realism and reflect both the general type of distribution of each species in the country, and
peculiarities associated with fine scale local conditions. In this sense satellite data can be regarded as es-
pecially suitable for modelling small and less mobile animals.
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Introduction

In recent years, habitat suitability modelling, HSM
(or species distribution modelling, SDM) is playing
an increasingly important role in studying distribu-
tion patterns of organisms (Guisan and THUILLER
2005). These models are based on the analysis of the
interrelationship between the known occurrences of a
particular species and the state of environmental vari-
ables that are important for its existence in this place.
They allow to extrapolate these relationships in unex-
plored regions, or into hypothetical scenarios of fu-
ture or past climatic conditions (Guisan and THUILLER

2005). Over the last years a large amount of envi-
ronmental data has become available for analyzing
species distributions in the form of interpolated dig-
ital maps with environmental measurements. These
environmental layers include abiotic factors, such as
temperature, precipitation, or their proxies such as
elevation, slope, aspect, topographic wetness index,
hill shading, etc. Climatic variables typically have a
great range of continuous values, and are often used
for predicting species distributions at large scales. In
contrast, topographic data are often used on the re-
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gional or nationwide scales (GuisaN and ZIMMERMANN
2000). Atthese scales the distribution of the organisms
is largely affected also by land surface characteristics
(forests, crops, water bodies, bare rock, etc.) and hu-
man impact on earth surfaces (agriculture, deforesta-
tion, urbanization, etc.). So, land-cover data are in-
creasingly used as a predictor in species distribution
modelling (PEarsoN et al. 2007, FRankLIN 2009). In
European scale, CORINE land cover is widely used
in this respect (Luoto et al. 2007, THOMAES et al.
2008, MUCHERA et al. 2009). It is based on satellite
data (Landsat TM, MSS and SPOT XS) as well as
auxiliary data in the form of national topographic and
thematic maps, statistical land cover information and
aerial photographs. These data were merged apply-
ing expert knowledge and following a standard pro-
cedure. CORINE is a hierarchical land cover classifi-
cation with 44 classes at level 3 (EEA 2000). One of
the drawbacks of CORINE and classified land cover
maps in general concerns the fact that usually they
are designed for a specific mapping purpose and as a
result, they may be not representative and thematical-
ly detailed enough for the focal species (BRADLEY and
FrLeisuiman 2008). Most nomenclatures used for map-
ping are designed for the purpose of compiling an
inventory of human activities (land use). Beside this,
these maps are based on discrete classes which do not
capture gradual changes in the landscape (Corp et al.
2014). In this respect, the use of continuous unclassi-
fied remotely sensed data on reflectance as explana-
tory variables in species distribution is a promising
alternative (LEYEQUIEN et al. 2007, PETTORELLI et al.
2011, SHIRLEY et al. 2013, Corb et al. 2014). Among
the various products of this type Landsat TM imagery
is especially useful for these purposes (TURNER et al.
2003, ZIMMERMANN et al. 2007, KErRr and OSTROVSKY
2003). Landsat images are free to the public and easy
to obtain (Woobpcock et al. 2008) These images are
available on an annual basis offering opportunities
for ecologists to easily accessible multi-year data
over large areas. Thus, they allow to register time
changes in land cover and thus allows monitoring of
habitats. Spectral values for different bands are as-
sociated with a variety of landscape characteristics
(Kerr and Ostrovsky 2003) and the subjectivity of
man-made classification in standard land cover maps
and the loss of information associated with classi-
fying an inherently continuous attribute is removed
(ZimMERMANN et al. 2007). In most cases, however,
the data on reflectance as explanatory variables are
used strictly for modelling purposes and the resulting
outputs are assessed only in terms of their statistical
accuracy (TatTtont et al. 2012, SHIRLEY et al. 2013,
Corbp et al. 2014). Not enough information as to what
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extent the relationships between species occurrences
and remote-sensing spectral variables reflect the eco-
logical characteristics of species. The interpretations
of these variables from the ecological point of view
are important for understanding which features im-
proved habitat quality for conservation priority spe-
cies can help managers to define effective guidelines
(TaTTONI et al. 2012, SHIRLEY et al. 2013).

There are a number of modelling techniques and
algorithms for exploring relationships between spe-
cies and their environment and to map their spatial
distribution (Guisan and ZIMMERMANN 2000, GUISAN
and THuiLLER 2005). Among the many alternative
modelling methods, maximum entropy approach has
recently gained much popularity, due to the availabil-
ity of a quality software MAXENT that implements
the method and is free for academic and research use
(http://www.cs.princeton.edu/schapire/MAXENT).
Maximum entropy evaluates the ecological niche
of the species by finding a probability distribution,
which is based on the maximum entropy distribution
using the restriction that the expected value of each
variable in this estimated distribution corresponds to
its empirical average (PHiLLIPS ef al. 2006). Recently
it has been shown that MAXENT is equivalent to a
Poisson regression model and hence is related to a
Poisson point process model, differing only in the in-
tercept term, which is scale-dependent in MAXENT.
This equivalence will allow a number of improve-
ments to MAXENT (ReEnNeEr and WarToN 2013).
One the main drawback of MAXENT concerns its
inability to make general predictions and as a re-
sult, it is prone to overfitting (PETERSON et al. 2007).
Overfitting occurs when a model fits too tightly to
calibration data, that leads to more omission errors.
This in turn increases the effect of sampling bias and
can lead to a model that reflects the spatial aspects
of the research itself rather than the real distribution
of a species. The sampling bias also increases spatial
autocorrelation of the model residuals which worsens
the quality of the model and seemingly enhances the
its accuracy (VELoz 2009), which leads to type I er-
rors (DorRMANN et al. 2007) and misleading estimates
of the model parameters (Kunun 2007). This means
that greater significance may be attributed of envi-
ronmental variables that are just typical of the region,
subject to more intensive research leading to spa-
tial omission or commission errors of extrapolation
(RonbININI et al. 2006, KRAMER-ScHADT et al. 2013).
These problems can be solved by reducing the number
of occurrence points from areas in which they are
concentrated, using spatial filtering (DORMANN ef al.
2007, PuiLLips et al. 2009, VELoz 2009). This method,
however, increases the risk of excessive reduction
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of the number of calibration points, which prevents
building a statistical robust model. Alternatively,
manipulation of background data can be employed.
Recent versions of MAXENT allow the inclusion
of so-called bias file that allows the user to choose
background data with the same bias as occurrence
data (PHILLIPS ef al. 2009, SYFERT et al. 2013). Model
outputs not only differed among different modelling
approaches, but also within methods used to evaluate
different species, which makes it difficult to identify
the ‘best’ modelling technique (SEGURADO and ARAU
2004, PEarsoN et al. 2007). When the goal of study
is to use predictive models of species distributions
for prioritizing areas for conservation, it is crucial to
understand situations where it is preferable to reduce
sampling bias by manipulating occurrence data ver-
sus manipulating background data (KRAMER-SCHADT
etal 2013).

In the present study, the majority of species
data comes from regional surveys of protected ar-
eas, reserves or potentially interesting from a bio-
geographical point of view, parts of the country. As
a result, the information is geographically clustered.
Within the areas, samples were often collected from
the most perspective habitats, rather than system-
atically or randomly. As a result species occurrence
points may be biased. These reserves, however, are
valid for the dataset as a whole, but it is unclear to
what extent the potential overfitting of data, due to
sampling bias and spatial autocorrelation, affects the
individual species data sets, given their significant
differences in distributional patterns.

The aims of the study were to generate habi-
tat suitability models for 19 common small mam-
mal species in order to 1) compare two approaches
to eliminate the effect of sampling bias and spatial
autocorrelation, 2) chose the best model and provide
accurate high resolution habitat suitability maps, 3)
examine the obtained relationships within the con-
text of the ecological realism of the models, and
4) evaluate the potential of satellite imagery in the
modelling process.

Methods and Materials

Species data

Presence records of 19 small mammal species from
field surveys conducted during a 10 year period
(1995-2005) were compiled. The data set contains
279 unique point collections from georeferenced lo-
calities. Geographical coordinates were taken with a
GPS withan accuracy of 2-5 m. Part of these data have
been published (Porov 1999, Beron et al. 2000a,b,

Porov 2000, Minkova and Porov 2002, SicHANOV
et al. 2006, Porov et al. 2006) and summarized in
PEsHEV et al. (2004), Poprov (2007), and Porov et al.
(2007).

Environmental predictors

Four topographic variables were used — Digital
Elevation Model (DEM), aspect (ASP), slope (SLP),
and topographic wetness index (TWI). DEM images,
as GeoTIFF files with 30 m resolution, were acquired
from NASA LP DAAC (2014). DEM derivatives
(ASP, SLP, TWI) were calculated from the elevation
layer by using SAGA GIS Version 2. 1. 4 (available
at http://www.saga-gis.org). Aspect values were in
degrees starting from 0° — N, 90° West, 180° South,
and 270° East; for pixels on a flat surface a value
of — 1 was attributed. To characterize land cover
several spectral bands from the Enhanced Thematic
Mapper Plus (ETM+), TM1 (Blue), TM2 (Green),
TM3 (Red), TM4 (near-IR), TMS5 (mid-IR) and TM7
(mid-IR), with a pixel resolution of 30 m and pixel
values (reflectance) between 0 and 255, were used.
Images had sub-pixel geolocation accuracies (cor-
rected for terrain displacement and errors in image
geometry), and no further geometric processing was
applied. In order to minimize the noise not related
to ground conditions and to make images compara-
ble a correction method of histogram matching was
employed using R 3.0.1 and the additional ‘landsat’
package (R Core Team 2013, GosLeg 2011). Scenes
from the years 1999 — 2000 were selected (Table 1),
to temporally coincide with the middle of the pe-
riod of collecting the species data. All images rep-
resented the growing season, however, due to the
spatial extent of study, it was not possible to obtain
all images for the same year and phenological stage.
Therefore, some extraneous phenological variabil-
ity was present, concerning primarily certain areas
of cultivated fields in NE Bulgaria (paths 181-182,
rows 30-31). On the other hand, a thorough analysis
of the overlap areas showed that changes in surface
reflectance between scenes were minimal and it can
be assumed that this variability will have a negligi-
ble impact on the accuracy and predictive capabil-
ity of the models. To ensure the correspondence of
collecting localities and environmental conditions
presented by satellite imagery each record from the
dataset was visually inspected using recent satellite
maps available on Google Earth to ensure that the
recent situation matched the original description.
Any major discrepancies were further evaluated in
relation to the time during which they occurred. If
these changes occurred before 1999 it was estimated
that the records do not correspond with the satellite
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data and were excluded from further consideration
(5 cases).

Since adjacent bands in multispectral images
were correlated, Principal Component Analysis was
applied. The first three principal components (PC1,
PC2, and PC3), accounting for more than 95 % of
initial spectral information were used as explanatory
variables in modelling.

Three species (Apodemus epimelas, Mus mac-
edonicus and M. spicilegus) show very peculiar
distributional pattern throughout the country. A.
epimelas occurs only in the southwestern part, M.
macedonicus is known solely from the lowlands of
S Bulgaria, while M. spicilegus occurs only in the
lowlands of N Bulgaria. Most probably these pat-
terns reflect their dispersion from southwest, south
and northeast, respectively, following appropriate
environmental conditions. In order to account for
the spatial dispersal constraints that probably partly
determines their distributional patterns two dummy
variables, representing Euclidean distances from
southeastern (ESW) and southwestern (ESW) cor-
ners of the country were created and added to the
other variables once modelling the distribution of
those species. For A. epimelas and M. spicilegus
only ESW was employed since it represents a spatial
gradient that have an opposite effect of each species.
For M. macedonicus both variables were used since
they describe the spread of the species from several
lowland areas along the southern border of the coun-
try. By adding these variables, the model was pre-
vented to incorrectly predict species in areas that are
environmentally suitable but are outside their colo-
nizable range.

GIS analyses were performed with GRASS GIS
6.4 (GRASS Development Team 2008), figures and
map layouts were produced using Quantum GIS 1.6
(Quantum GIS development team 2011). The whole
geographic data set was projected according to WGS
1984 UTM Zone 35N reference system; the spatial
resolution for all maps is 30 m.

Habitat suitability modelling and validation

MAXENT was used with its default settings
and a logistic output, with suitability values rang-
ing from O (unsuitable habitat) to 1 (optimal habitat)
(PuiLrips and Dupik 2008). The use of the standard
settings and therefore the auto feature selection,
means that the program automatically adds model-
ling features depending on the number of the points
used in the training set: below 10 points linear func-
tions are used; between 10 and 14 points quadratic
features are added; between 15 and 79 points hinge
features are added and above 79 points product and
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threshold features are allowed. The relative vari-
able importance was assessed based on MAXENT’s
built-in Jacknife functionality. In order to test to
what extent the potential overfitting of data, due to
sampling bias and spatial autocorrelation, affects the
individual species data sets, three types of models
were made and compared. The first type of models
was based on the initial data (ID-models). The sec-
ond type was based on manipulation of background
data (MBD) by introducing a bias file that allows
one to choose background data with the same bias
as occurrence data (Dupik et al. 2005, PHILLIPS ef al.
2009, SYFERT et al. 2013). The third type was based
on spatial filtering (SF). For MBD-models, a biased
prior was constructed using MAXENT — all unique
species locations were provided to MAXENT as if
they represented a single species and the resulting
prediction, reflecting the sampling effort was used
as a bias file. For SF-models, the localities that are
within 30 km of one another were randomly re-
moved, keeping the most localities possible. The 30
km distance was chosen on the basis of autocorrela-
tions as detected in the semivariograms and Moran’s
I-distance plots of ecogeographical variables. In or-
der to test the models based on a large number of
points (more than 30) of the first two types crossvali-
dation was used. The partition of occurrence locali-
ties into testing and training bins was done by using
15-fold cross-validation (‘crossvalidate’ partitioning
scheme available in the MAXENT software) which
partitions occurrences randomly into 15 bins. Each
of these 15 bins was used for testing once, while all
others were used for training in that iteration. A to-
tal of 15 models were run, and evaluation metrics
were summarized across these iterations. For models
based on the low number of occurrences a jackknife
approach (PEARrsoN et al. 2007) was used as it is a
good validation method for small sample sizes. In
the jackknife approach, the model was tested using
one record of presence data and calibrated with the
rest. In SF-models, the fraction of the original data-
set which was excluded on the basis of the spatial fil-
tering was used as a test sample, provided directly in
the MAXENT software. The three model types were
compared on the basis of two threshold-independent
metrics (AUC evaluation and AUC test). These
metrics derive from Area Under the Curve of the
Receiver Operating Characteristic plot, each provid-
ing a single rank-based measure of model perform-
ance across all possible thresholds (levels of strength
of the prediction). AUC_evaluation is a measure of
overall model performance, while AUC test de-
scribes the capability of a model to predict a fraction
of the species records omitted during model train-
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Table 1. Landsat ETM+ images used in the present
study, acquired from the United States Geological Survey
(USGS) Global Visualization Viewer (http://earthexplor-
er.usgs.gov/)

Scene Year Month| Date| Path| Row
p181r030_7dk19990723_z35 61.tif |[1999| 7 23 | 181 30
p181r031_7dk20000725_2z35_61.tif |2000| 7 25 | 181 31
p182r029_7dk20000614_z35 61.tif |2000| 6 14 | 182 | 29
p182r030_7dk20000614_z35_61.tif |2000| 6 14 | 182 | 30
p182r031_7dk20000614 z35 61.tif [2000| 6 14 | 182 | 31
p183r030_7dk20000621 z35 61.tif |2000| 6 21 | 183 | 30
p183r031_7dk20000621_z35 61.tif |2000| 6 21 | 183 | 31
p184r030_7dk20000628 z34 61.tif |2000| 6 28 | 184 | 30
p184r031_7dk20000628_z34 61.tif |2000| 6 28 | 184 | 31
p185r029_7dk20000822_z34 61.tif [2000| 8 22 | 185 29

ing (PHILLIPS ef al. 2006). The values of these met-
rics range from 0.5 (random model) to 1.0 (perfect
discriminatory abilities). Model performance was
classified according to AUC scores based on SwEeTS
(1988) as 0.90-1.00 = excellent, 0.80—0.90 = good,
0.70-0.80 = fair, 0.60—0.70 = poor, and 0.50-0.60 =
fail. These non-parametric measures vary according
to the proportion of the study region that is suitable
for the species and, therefore, should not be com-
pared between species (PHiLLIPS et al. 2006). They
are however appropriate for comparisons of the
relative ranking ability of model types for the same
species in the same study region (LoBo et al. 2008,
PETERSON et al. 2008). The difference in AUC test
scores between model types was tested using paired
Wilcoxon signed-rank tests.

In addition, model outputs were evaluated by
qualitative visual examination of the maps of the
species’ predicted potential distribution in term of
known natural history information for the study spe-
cies and the existing knowledge of where the species
might occur, including those probable areas inhabit-
ed by the species for which no presence information
exist (Porov 2007, Porov et al. 2007). As indications
of overfitting, small regions of high prediction, lying
close to calibration localities, that do not correspond
to recognized environmental conditions that the spe-
cies is known to inhabit were searched on the maps
and examined on the basis of expert knowledge.

Results

In order to check whether there is a potential sam-
pling bias within the data set a MAXENT Model was

created on the basis of all unique occurrence points.
The resulting model showed a relatively high value
of AUC (0.8) indicating the occurrence of sampling
bias. The inspection of the output map indicated that
the sampling probability was higher in mountainous
and forested regions, large river valleys, as well as
along the Black Sea coast. Although this result indi-
cates that the overall dataset shows a spatial bias, it
is not clear to what extend it affects particular spe-
cies models. In order to obtain an information in this
respect, three types of models were run and com-
pared. It can be expected that if the ID-models suf-
fer of spatial bias and autocorrelation they will have
AUC test values higher than those made by cor-
rections (MBD- and SF-models), indicating greater
overfitting. Model performance was assessed on a
per species basis. The comparisons showed that the
three model types did not differ in terms of over-
all performance (AUC train) but AUC test values
of MBD- and SF-models were significantly lower
across species (Tables 2, 3). Fig. 1 shows the vari-
ability of these differences across species.

MBD- and SF- models revealed significantly
lower AUC test scores than the initial models
(Table 3). On the other hand SF-models showed
a considerable variation among species of AUC
test values (Fig. 1). With some exceptions, for the
species presented with a large number of occur-
rences, corrected models (MBD- and SF-models)
showed lower AUC test values compared to the
ID-models. In most cases, these differences af-
fected species with wide ecological tolerance and
no preference for certain areas characterized by a
specific combination of environmental conditions
(4. flavicollis, M. arvalis, C. suaveolens, C. leu-
codon, A. sylvaticus). Conversely, some of the
species presented with many points, but confined to
specific areas of the country such as Clethrionomys
glareolus, S. araneus, M. subterraneus (attached to
forests in mountainous areas) showed no significant
differences between the three model types. Species,
represented by a small number of points, which most
often are associated with ecologically and spatially
distinct regions (Neomys fodiens, Chionomys niva-
lis) or specific combination of environmental vari-
ables (Dryomys nitedula, Muscardinus avellanarius,
Micromys minutus) showed little differences among
model types. The visual inspection of the output
maps showed that models with adjustments (MBD-
and SF-models) in most cases were more diffuse —
give more territory and less contrast in the suitability
values within limited territories, making them more
plausible from an ecological point of view. This re-
laxation leads to the fact that MBD- and SF- out-
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Table 2. Descriptive statistics of model performance
characteristics for all species (n=19). AUC _train - evalua-
tion of performance based on all points; AUC _test - eval-

Table 3. Wilcoxon Matched Pairs Test. Marked tests are
significant at p <.05000

uation of performance based on 15-fold cross-validation | Comparison z p-level
or jackknife approach. ID — models based on initial data; | AUC train & AUC train MBD | 1.649916 | 0.098960
MBD — models based on background manipulation (bias AUCitrain & AUCitrainisF 0.707107 | 0.479500
file), SF - models based on spatial filtering AUC test & AUC_test MBD 3.535534 | 0.000407
Parameter Mean | Min | Max | SD AUC _test & AUC _test SF 2460595 | 0.013871
AUC—tra%n—ID 090 | 0.80 | 059 | 0.06 of the their lower ecological reality — high contrasts
AUC _train MBD 0.89 | 0.80 | 0.99 0.06 ‘1 s P .
e within small territories, unjustified environmentally
AUC train_SF 0.87 | 0.71 0.97 0.07 absences from large areas.
AUC _test_ID 0.84 | 072 | 098 | 0.09 These results suggested that overall predictive
AUC_test MBD 081 | 0.66 | 098 | 0.10 | performance was higher in modelling scenarios that
AUC _test SF 0.78 | 040 | 0.99 | 0.15 correct for sampling bias (MBD-models). They pro-

puts often include some extreme occurrence points
that fall outside of the minimum presence threshold
of ID-models. Furthermore, inspection of the maps
showed that many of the ID-model outputs predict-
ed low suitability for some species in certain areas,
which does not correspond with the knowledge of
their ecology. Often these areas coincided with parts
of the country which were not been the subject of an
intensive research, eg. parts of Central and Western
Danubian plain, upper parts of Thracian plain.

The comparison between MBD- and SF-models
indicated that most often the results were similar. In
some cases, however, SF-models sharply diverged
and showed features that can be interpreted in favor

duce a more optimal output that provides the maxi-
mal explanation of calibration data while still main-
taining generality. Models based on this approach
were chosen to produce the final maps, using the
full set of data for each species and were subject to
further analysis (Fig. 3). Their performance charac-
teristics are shown in Table 4.

For the 19 MAXENT models the mean AUC
for the training data was 0.90 (range: 0.8 to 0.99)
while for the test data, mean AUC is 0.84 (range:
0.72 to 0.98). According to AUC train 10 mod-
els were good and 9 excellent, while according to
AUC test 6 were fair, 7 were good, and 6 — excel-
lent. However, as it may be expected these evalu-
ations largely depended on species prevalence.

Apodemus flavicollis
Microtus arvalis |

Sorex minutus
Crocidura suaveolens |
Clethrionomys glareolus |
Crocidura leucodon |
Sorex araneus [
Microtus subterraneus |
Neomys anomalus |
Apodemus agrarius
Apodemus sylvaticus |
Muscardinus avellanarius
Dryomys nitedula }
Neomys fodiens |

Mus spicilegus |

Mus macedonicus |

Micromys minutus |
Apodemus epimelas
Chionomys nivalis |

" ID-SF
e ID - MBD 7]

-0.1

0.

0 01 02 03 04 05

differences in test AUC scores

Fig. 1. Comparison of differences in test AUC scores between model types. Species are arranged according to their
number of occurrence points in the initial data set from low (bottom) to high (top)
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Table 4. Performance characteristics of MBD-models and relative contributions of the environmental variables. Ab-
breviations: N — number of training occurrence points; DEM — digital elevation model; PC1 — PC3 principal compo-
nents of Landsat reflectance data; TWI - topographic wetness index; ASP — topographic aspect; SLP — slope

Model perfor.m:ance charac- Relative contributions of the environmental variables
teristics
Species
N AU.C AUC DEM PC1 |TWI| ASP | PC2 | SLP | PC3
train test

Chionomys nivalis 10 0.97 0.96 87.6 0 5.7 1 5.1 0.5
Apodemus epimelas 14 0.99 0.98 3.8 8 1.2 9.1 1.2 1.5
Micromys minutus 17 0.94 0.81 75.9 1.8 5.6 15.6 1 0.2
Mus macedonicus 25 0.97 0.93 30.9 1 0 0.7 0.4 3 0.2
M. spicilegus 26 0.99 0.94 16.9 0.2 0 1.7 05 | 05 | 09
Neomys fodiens 26 0.97 0.95 68.7 1.5 18.2 5.6 09 | 5.1 0
Dryomys nitedula 28 0.89 0.8 41.6 27.3 6.1 17.6 32 | 24 1.6
Muscardinus avellanarius 33 0.93 0.89 73.4 8.9 12.9 23 0.5 1.8 0.3
Apodemus sylvaticus 43 0.82 0.73 69.9 0.4 0.9 9.5 125 | 3.1 3.7
Apodemus agrarius 52 0.89 0.86 62.7 11.3 17.1 0.4 47 | 35 0.3
Neomys anomalus 61 0.85 0.81 46.6 229 6.3 9.5 11.8 | 2.7 | 0.1
Microtus subterraneus 71 0.86 0.8 80.1 2.2 1.9 12.4 0.5 0.5 2.5
Sorex araneus 75 0.91 0.88 82.6 3.8 4.8 7.2 0.9 0.2 0.6
Crocidura leucodon 79 0.8 0.72 30.1 29.5 4.3 10.2 21 4 0.9
Clethrionomys (Myodes) glareolus 88 0.95 0.92 85.9 0.6 7.1 1.6 1.1 1.8 1.9
Crocidura suaveolens 92 0.84 0.73 57.6 17 4.7 6.6 3.8 7.6 | 2.6
Sorex minutus 93 0.86 0.79 37.2 15.8 14.2 12.3 25 | 132 | 48
Microtus arvalis (s. 1.) 97 0.83 0.72 53.5 7.2 9.7 2.8 13.1 | 6.7 7
Apodemus flavicollis 112 0.85 0.78 26.5 29.1 14.6 4.5 8.1 6.4 | 10.8
Mean 0.90 ‘ 0.84 54.3 9.9 7.1 6.9 49 | 34 | 20

Nevertheless, as a whole, these numbers indicated
a good overall modelling performance.

The highest percentage contribution towards a
model fitting was from DEM which had a contribu-
tion of 54.3 %, followed by the PC1 of reflectance
data (9.9%), topographic wetness index (7.1%),
aspect (6.9%), PC2 (4.9%), slope (3.4%), and PC3
(2.0%). MAXENT’s response curves show how the
model’s predictions changed as the environmental
variables varied (Fig. 2). These plots reflect the de-
pendence of predicted suitability both on the select-
ed variable and on dependencies induced by correla-
tions between the selected variable and other vari-
ables. Altitude showed a high percent contribution
for many species (Table 4). For some species, the lo-
gistic output increased with altitude (Ch. nivalis, M.
subtarraneus, S. araneus, C. glareolus), while for
others it decreased (4. agrarius, M. minutus, C.
suaveolens), (Fig. 2). Species, relatively little influ-
enced by altitude, showed a strong dependence on
PC1 — it can be assumed that the land cover (habitat
type) is important for such species as A. flavicollis,
N. anomalus, D. nitedula (Fig. 2). TWI had a posi-

tive impact on N. fodiens, A. agrarius, M. minutus
(Fig. 2). Aspect had a significant effect on M. minu-
tus, D. nitedula, M. subterraneus, S. minutus, C. leu-
codon (Table 4). The shape of the curves indicated a
preference of these species for different parts of this
gradient (Fig. 2). For 4. sylvaticus, M. subterraneus,
N. anomalus, N. fodiens, S. araneus, S. minutus, C.
glareolus habitat suitability increased to low and
high values of the gradient, i. e. in predominantly
north facing slopes. C. suaveolens, D. nitedula, M.
arvalis showed a preference to the lowest values
of the gradient (flat places). High suitability at the
middle part of the gradient (south and west facing
slopes) was manifested in models for A. epimelas,
M. spicilegus. PC2 had a high percent contribution
in A. sylvaticus and M. arvalis (Table 4), showing a
preference for high values of the gradient (Fig. 2).
The percent contribution of slope was relatively low.
It was greatest in the model for S. minutus with in-
creasing suitability to the steeper slopes. PC3 had
a relatively strong influence on A. flavicollis with a
characteristic peak in the low values of this gradient
(Fig. 2).
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58



Presence-only Habitat Suitability Modelling Using Unclassified Landsat ETM+ Imagery...

Discussion

Model performance

Comparisons between the three model types showed
that MBD- and SF-models give generally lower val-
ues of AUC. In the setting of the analysis, this result
could be regarded in favor of the interpretation that
the output data of the ID-models suffer to some ex-
tent from sampling bias and autocorrelation These
comparisons show that probably, for some of the
more common and widespread species, the models
based on raw data contained a significant component
of sampling bias and autocorrelation. Similar results
were obtained from KRAMER-SCHADT ef al. (2013). It
was found that test AUCs were considerably reduced
when using spatial filtering, while slightly reduced
when background manipulation is used. The AUC
of the range-restricted species did not decrease with
spatial filtering and using bias files put more empha-
sis on the explanatory power of single variables, that
is, the relative gain contribution increased (KRAMER-
ScHADT et al. 2013). In the present study, the compar-
ison between MBD- and SF-models shows that the
latter are very variable across species. Most probably
this is a result of a drastic reducing of the number of
training points in some cases. The datasets, reduced
by spatial filtering are less likely to represent the spe-
cies’ full niche and are often plagued by random va-
garies of sampling (noise), both of which can hinder
the calibration of realistic models (Wisz et al. 2008).
Additionally, although this subsampling reduces the
spatial autocorrelation it does not correct for the lack
of data due to the low sampling effort in some areas.
This method could also underestimate the contribu-
tion of suitable areas where the high density of oc-
currences reflects the true environmental suitability
for the species (Fourcape 2014). This is especially
true for species with restricted ranges and thus with
spatially clumped records. Spatial clumping in these
cases is an ecological signal (DorRMANN et al. 2007),
and filtering the records can weaken the prediction.
The presented data indicate that among the three
model types MBD-models show greatest ecological
relevancy. They were especially effective for species
that used a wide range within the environmental pre-
dictors. Here, correcting for sampling bias prevents
overemphasizing environmental variables that puta-
tively correlate with the species’ distribution simply
due to occurrence records, based on uneven sam-
pling. MBD-models outweigh the negative effects
of sampling bias and substantially reduce omission
errors (suitable areas not predicted by the models),
particularly in areas where surveying was limited.

Higher omission errors can have serious negative
consequences for conservation because remote areas
with scant surveying effort, which may be potentially
important for a species, may be neglected (KRAMER-
ScHaDT et al. 2013). The results of this study con-
firms that an approach based on correcting for sam-
pling bias is preferable, despite the putatively lower
predictive performance according to the AUC _test
values (PHiLLIPS et al. 2009).

Ecological realism of the models

Although the choice of modelling methods and
approach to model building and evaluation, is cen-
tral to good model building (GuisaN and ZIMMERMAN
2000), the maintaining ecological realism throughout
the model building process is also important (AUSTIN
2002). In this respect the evaluation of fitted functions
throughout model building and interpretation of mod-
el outputs from an ecological point of view is funda-
mental to ensuring the ecological realism and general
credibility of the final models (WINTLE et al. 2005).

Modelling of the species habitat suitability in-
volves the use of environmental data, which is known
to have a direct or indirect impact on a species.
Direct factors are generally presented by such eco-
geographical variables as temperature, precipitation,
humidity, solar radiation, while indirect variables are
those which are correlated with the first group and
can be considered as their proxies (AusTiN 2002).
Usually climatic variables are a result of elevation-
sensitive spatial interpolations of wheather station
data. Although from a mechanistic point of view, it
is desirable to predict the distribution of biotic enti-
ties on the basis of direct ecological factors such as
climatic variables, they often tend to be less precise
than pure topographic characteristics, because of in-
terpolation errors, lack of sufficient climate stations
data, and the fact that standard weather stations do
not reveal the biologically relevant microclimates
(Guisan and ZiMMERMAN 2000). On the other hand,
available DEMs tend to be relatively accurate, even
in mountainous terrain. Thus, directly derived topo-
graphic variables are generated without much loss of
precision (GuisaN and ZiMMERMAN 2000). Four topo-
graphic variables were used in present work — alti-
tude, as presented by DEM, aspect, steepness of the
slope and topographic wetness index. DEM can be
considered as a proxy of the main climatic features.
In Bulgaria, temperature and annual temperature am-
plitude decrease with altitude, while rainfall mostly
increased. Aspect represents the local features of the
temperature and humidity associated with insolation.
Usually southern slopes are drier and warmer while
the northern ones are cool and moist. Steepness of
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Table 5. Summary statistics of the first three Principal Component scores (PC1 - PC3) of reflectance data within
CORINE land cover categories. For a clearer interpretation the data are sorted on the basis of the average values of

PC1 and PC2
PC1 PC2 PC3

Land cover

Min | Max | X SD | Min | Max | X SD | Min | Max | X SD
Coastal lagoons 0.83 | 4.68 | 1.18 | 0.36 | 0.61 | 2.09 | 0.96 | 0.33 | 1.95 | 3.42 | 2.33 | 0.11
Water bodies 045 | 652 | 1.28 | 0.52 | 044 | 273 | 1.01 | 0.39 | 14 | 412 | 2.31 | 0.13
Water courses 039 | 6.8 | 1.3 | 0.61 | 049 | 2.61 | 1.01 | 04 | 1.76 | 3.58 | 2.33 | 0.14
Coniferous forest 039 | 7.12 | 1.3 | 037 | 0.51 | 3.07 | 1.54 | 0.22 | 1.18 | 53 | 2.19 | 0.08
Mixed forest 03 | 691 | 1.41 | 0.33 | 0.56 | 3.25 | 1.83 | 0.25 | 0.24 | 3.79 | 2.22 | 0.08
Salt marshes 1.02 | 271 | 142 | 032 | 0.68 | 1.93 | 1.1 | 0.39 | 2.1 | 2.66 | 245 | 0.11
Broad-leaved forest 045 | 7.19 | 1.46 | 026 | 0.31 | 3.4 | 198 | 0.19 | 091 | 439 | 2.25 | 0.08
Salines 0.79 | 4.67 | 1.56 | 0.46 | 0.35 | 2.03 | 1.01 | 0.25 | 1.92 | 448 | 2.58 | 0.33
Moors and heatland 041 | 7.8 | 1.63 | 0.59 | 0.39 | 3.07 | 1.65 | 0.26 | 1.24 | 6.44 | 2.2 | 0.14
Peatbogs 0.84 | 335 | 1.67 | 024 | 1.24 | 245 | 1.86 | 0.1 1.9 | 3.17 | 2.28 | 0.06
Inland marshes 064 | 6.25 | 1.68 | 0.4 | 0.58 | 248 | 1.72 | 0.26 | 1.59 | 3.25 | 2.33 | 0.11
Transitional woodland-shrub 044 | 7.37 | 1.88 | 0.5 | 0.54 | 325 | 1.87 | 0.18 | 0.09 | 7.09 | 2.2 | 0.11
Green urban areas 0.56 | 6.62 | 1.93 | 0.6 | 0.58 | 2.55 | 1.74 | 0.18 | 0.78 | 432 | 2.29 | 0.11
Sport and leisure facilities 0.48 | 7.26 | 1.99 | 0.67 | 042 | 2.86 | 1.76 | 0.22 | 1.06 | 4.58 | 2.27 | 0.14
Agricultures and Natural vegetation 046 | 8.09 | 2.13 | 0.56 | 0.25 | 32 | 1.88 | 0.18 | 0.3 | 6.56 | 2.23 | 0.12
Fruit trees and berry plantations 047 | 6.69 | 2.18 | 0.48 | 047 | 2.73 | 1.82 | 0.13 | 0.13 | 3.97 | 2.21 | 0.12
Natural grassland 034 | 7.87 | 221 | 0.56 | 0.39 | 3.14 | 1.89 | 0.16 | 0.12 | 7.02 | 2.19 | 0.13
Complex cultivation patterns 043 | 7.61 | 222 | 0.54 | 044 | 3.11 | 1.89 | 0.15 | 0.26 | 5.2 | 2.23 | 0.12
Pastures 0.56 | 7.56 | 2.29 | 0.45 | 041 | 298 | 1.86 | 0.13 | 091 | 42 | 2.21 | 0.11
Road and railnetworks 094 | 6.7 | 231|049 | 028 | 245 | 1.66 | 0.21 | 1.11 | 521 | 2.3 | 0.16
Vineyards 0.62 | 6.86 | 231 | 046 | 0.5 | 2.89 | 1.82 | 0.13 | 0.1 | 423 | 2.21 | 0.12
Urban fabric 1.09 | 649 | 234 | 0.54 | 0.74 | 2.36 | 1.44 | 0.17 | 1.66 | 3.8 | 2.29 | 0.15
Non irigated arrable land 0.43 | 7.55 | 237 | 049 | 03 | 3.39 | 1.75 | 0.16 0 522 1225 0.17
Rice fields 0.77 | 596 | 2.46 | 0.67 | 0.54 | 2.49 | 1.62 | 0.26 | 1.44 | 3.66 | 2.34 | 0.14
Industrial or commersila units 0.46 8 256 | 0.63 | 0.22 | 344 | 1.7 | 022 | 0.58 | 5.67 | 2.32 | 0.18
Sparcely vegetated areas 04 | 801 | 264 | 068 | 024 | 2.8 | 1.78 | 0.19 | 1.11 | 695 | 2.26 | 0.32
Mineral extraction sites 047 | 7.8 [279 ] 09 | 025|284 | 1.7 | 024 | 1.13 | 501 | 236 | 0.3
Dump sites 0.58 | 6.87 | 2.82 | 1.29 0 2.61 | 144 | 04 | 097 | 5.88 | 2.69 | 0.72
Beaches, dunes 0.63 | 6.05 | 291 | 1.02 | 0.57 | 2.62 | 1.74 | 0.31 | 1.75 | 3.61 | 2.32 | 0.21
Bare rock 032 | 7.39 | 293 | 094 | 0.14 | 2.59 | 1.68 | 0.27 | 1.15 | 7.07 | 2.46 | 0.67

the slope represents local features associated with the
substrate and humidity. As a rule, steep slopes do not
retain water, the soil layer is negligible, the vegeta-
tion is poorly developed. In contrast flat areas accu-
mulate moisture, have a thick soil layer and as a rule
— a good vegetation cover. The topographic wetness
index represents water accumulation as a function of
slope and catchment (ParoLo et al. 2008, FRANKLIN
2009). In general DEM can be considered as a proxy
of regional climate while its derivatives describe the
more local characteristics related to temperature, hu-
midity, and condition of the substrate.

Another important local factor is land-cover,
usually representing the vegetation cover. In contrast
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to the above geomorphological factors, it reflects also
the human impact on the landscape. It can be expect-
ed that land-cover exerts prevailing control of spe-
cies’ distribution at a finer spatial resolution than cli-
mate (PEARSON et al. 2004). In the present study land-
cover is evaluated on the basis of three PC derived
from Raw Landsat 7 ETM+ bands TM1/2/3/4/5/7.
Although, remote sensing can be particularly useful
when there is a need for complete spatial coverage
over large areas, the use of raw reflectances in mod-
elling species distributions poses some challenges.
Information recorded by satellite sensors is typically
restricted to energy returned in one or more wave
bands and relative geographic position and is not
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easily interpretable from an ecological point of view
which may limit its relevance in revealing species—
habitat associations during modelling process and
evaluation. In this respect it is necessary to analyze
the spectral information in a greater detail trying to
interpret in terms of environmental gradients of eco-
logical importance for a particular group of organ-
isms. In order to elucidate the ecological significance
of the first three PCs, an analysis of the relationship
between the principal component scores and the
land cover classes of the CORINE land cover was
made. For this purpose, basic statistics (minimum,
maximum, mean, standard deviation) of principal
component scores were calculated for the third level
categories of Corine Land Cover (Table 5).

It can be seen that PC1 reflects very well the
nature of vegetation, as the mean score values form
a clear gradient from forest vegetation and moist
places (low mean scores of PC1) to xerophyllous bare
surfaces (high mean scores of PC1). It is more diffi-
cult to evaluate the second principal component as a
linear gradient of the vegetation types. From the data
in Table 5, it is clear that it separates the coniferous
forests (low mean scores) compared to other types of
vegetation, mainly to deciduous forests (high mean
scores). Open places and bushes occupy an interme-
diate position. In mountainous areas, it reflects very
well the belts of forest vegetation. The PC3 scores
show a little contrast (Table 5), but still separate the
sites covered with vegetation (lower mean scores)
from those without vegetation, including most plac-
es of anthropogenic origin (higher mean scores).

The review of the data in Table 5 shows another
important feature of the reflectance data. Variability
of the scores of the three PCs is very high within
each of the CORINE land cover classes. Each class
contains almost the entire range of possible values
of the corresponding principal component scores.
Analysis of detailed maps shows that in most part
this is a result of the fact that the land cover classes
do not reflect the fine heterogeneity of the landscape.
CORINE has a minimum unit mapping size of 25
hectares vs 0.09 hectares of Landsat 7 ETM+.

On the base of these analyzes it can be stated
that the spectral values and their derivatives — the
principal components — contain much environmental
information. The presented interpretations will help
for an easier evaluation of the ecological relevancy
of the modelling results. Final models were inspect-
ed for their ecological realism on the basis of relative
contribution of ecogeographical variables and the
shape of response curves within the context of the
known ecology of species (Porov 2007). In this light,
the modelling results show that the general climatic

conditions, as presented by DEM, are the main fac-
tors determining the distribution of small mammals
in the country. This is confirmed by the seemingly
strange response curves of certain species to this
factor. For example, the curves of Sorex araneus, S.
minutus, N. anomalus, M. subterraneus, D. nitedula,
C. glareolus, A. flavicollis show a high suitability at
a high altitude, but also at the sea level. This can be
explained by the fact that the coastal areas in eastern
Bulgaria show some climatic characteristics similar
to the mountainous regions — they have a higher hu-
midity and a narrow annual temperature amplitude,
due to the relatively low summer temperatures.
Under these conditions, in the river valleys and near
the beach, conditions similar to those in the middle
mountain belt arise — relatively high soil moisture,
well developed forest vegetation and as a result cool-
er and more humid microclimates. Therefore, some
coldlowing mesophilous forest dwellers that have an
optimal habitat in the mountainous parts of the coun-
try occur also near the seashore.

Response curves of many species on the PC1
of reflectance data, the second most important factor,
show monotonous responses. This corresponds to
the relatively linear gradient that this factor presents
— from damp forested habitats to dry and open habi-
tats. The reaction of the species highly dependent
on this factor is consistent with this interpretation.
Forest species show a high preference for low values
of this gradient — wet and wooded habitats. In con-
trast, species associated with open areas have a high
degree of probability of occurrence in higher values
of this gradient.

Response curves on the PC2 of reflectance data
represent the species preference for three vegetation
types — coniferous forests, open habitats and shrubs
and deciduous forests. Species preferring forests
have curves with high values on both the left and
right side of the scale (C. glareolus, M. avellanarius,
M. subterraneus), those inhabiting predominantly
deciduous forests have high values on the right side
of the scale (C. leucodon, D. nitedula), those with
peaks in the middle part of the gradient are associ-
ated with open areas and shrubs (C. suaveolens, A.
agrarius, M. macedonicus, M. spicilegus). Response
curves for the aspect of the slope also show impor-
tant features of the species ecology. For many spe-
cies they have two peaks near 0° and 360° indicating
preference for slopes with northern exhibitions. In
most cases, these are species that prefer moist wood-
ed areas at a higher altitude — S. minutus, S. araneus,
N. fodiens, M. subterraneus, C. leucodon, C. glare-
olus, A. flavicollis. In the lower parts of the country,
these species occur in sites with wetter and cooler
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Fig. 3. Occurrences and modelled distribution (MBD-models) of 19 common small mammal species in Bulgaria (grid

represents 10 x 10 km UTM squares)

microclimate. Usually these are places in north fac-
ing slopes. In contrast, some species that are known
to be thermophilic and preferring habitats at a low
altitude show an optimum at values around 90° -180
°and 90°—270° — M. macedonicus, A. epimelas, M.
minutus. The slope has a limited influence on species
distribution. Most species occurring primarily in the
mountains have a higher suitability at the higher val-
ues of the gradient unlike the species distributed in
the lower parts of the country. An exception is A.
epimelas that although only found in the lower parts
of the country shows a preference for steep slopes.
This is consistent with its ecology and preference for
rocky outcrops and slopes with poor soil.

The above analyzes show that the species-envi-
ronmental relationships registered by the models cor-
respond very well to the known ecology of the studied
species. This is particularly important with respect to
the satellite variables. It is evident that they reflect sig-
nificant environmental gradients mostly related to the
nature of the vegetation and humidity. The response
of the small mammals along these gradients confirms
this interpretation. When comparing the satellite vari-
ables with land cover classes a significant variability
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of satellite data within individual classes is found.
This is obviously a result of the larger resolution
of satellite data. Land cover classification removes
within-class heterogeneity by the omission of fine-
scale local features (BELLIS et al. 2008, St-Louls et
al. 2009). The homogeneity of the land cover classes
(“thematic resolution”) leads to the circumstance that
many occurrence points from different small habitats
fall into one category, and in contrast, occurrence
records from similar small habitats fall into different
land cover classes. Furthermore, the boundaries of
CORINE classes are too inaccurate, and therefore a
lot of occurrence records may fall into the neighbor-
ing class often with different ecological interpretation.
It was observed during the fieldwork and in compari-
son with Landsat imagery, that CORINE data were
at times of poor spatial accuracy (deviations of up to
1 km) at known species occurrence sites, especially
near polygon borders. In this sense satellite data can
be regarded as more suitable for modelling small and
less mobile (small home ranges) animals.

These analyzes show that in addition to the
good statistical performance, the models have a
high degree of ecological realism. They reflect both
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the general type of distribution of each species in
the country, and peculiarities associated with lo-
cal conditions. In this sense, the resulting maps of
the habitat suitability for 19 small mammal species
covering the whole country in a resolution of 900
m? would be useful for many practical aspects such
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