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Abstract
This study analyzes the possible usefulness of “species distribution models” (SDMs) using “Maximum Entropy Modeling” (MaxEnt) software to investigate the effects of climate change, under both current and projected conditions, on the distribution of 10
endemic Italian insect species (Coleoptera and Orthoptera) associated with high altitude areas in the Central Apennines. Twentytwo environmental variables are used as potential predictors of species habitat suitability. Climatic conditions exert strong control
over the geographic distribution of species and MaxEnt highlights that the most influential factors mainly are fluctuation in temperature and variation in weather events typically associated with high altitude environments. The extent of suitable areas is calculated by the “suitability status change index” (SSCI) and differences in habitat suitability between current and future conditions
are compared. Although the most optimistic future scenario (RCP2.6) is used, the results obtained show a serious decline in suitable habitat for vulnerable and sensitive species: in particular, the suitable habitats of Italohippus monticola, Italopodisma fiscellana, and Luperus fiorii will be heavily reduced, whereas a total loss (100%) of suitable habitat will be experienced by Trechus
hummleri. In addition, through the centroid analysis, some species (Italohippus monticola, Italopodisma costai, Otiorhynchus sirentensis, and Trechus cerrutii) show a slight “virtual” gain and a “southeastern shift” of their suitable habitat. Species distribution models can be extremely helpful to identify and analyze the cause of the fragmentation and contraction distribution. From the
conservation point of view, the endemic taxa generally represent very vulnerable elements, so correct and farsighted actions are
indispensable for the protection of particularly sensitive habitats harbouring them, such as Central Apennines that represent one of
the most important hotspot of biodiversity for high altitude species, especially for insects, in Europe.
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Introduction
Species distribution models (SDMs) are receiving such
an increase in attention in conservation and biogeographical studies, that they are currently one of the
most widely used scientific approaches for the identification of potential climate-change effects on biodiversity (Beck, 2013; Berzitis et al., 2014; Chłond et al.,
2015). These models are successfully and widely applied to assess the ecological and evolutionary forces
that shape the geographical distribution of species and
the suitability of their habitat (Elith et al., 2006; Bosso
et al., 2013; Zhu et al., 2013). Species distribution models are based on the relationship between the observed
species distribution (through occurrence records) and
the environmental variables determining not only suitable habitats, but also limiting barriers. In addition,
these approaches can be useful to predict suitable habitats for species in areas where their distribution is not
completely known.
Species distribution models are widely used in many
ecological, biological and biogeographical applications
to predict past, current and future species distributions
(Guisan and Thuiller, 2005). To study the expected impact of climate change on biodiversity, however, it is
necessary to know how environmental variables will
evolve in future, and how habitats and species distributions transform in relation to climate change.
In many cases climatic conditions have been reported
as major factors influencing the geographical distribu-

tion of global biodiversity (Pearson and Dawson, 2003;
Thomas et al., 2004; Araújo and Pearson, 2005; Baselga
and Araújo, 2009). Climate change has been postulated
to be one of the major causes of the geographic shifting
of suitable environmental conditions both for animal
and vegetable species (Parmesan and Yohe, 2003;
Araújo et al., 2011; Chen et al., 2011; Reif and Flousek,
2012; Brambilla et al., 2014; Carta, 2014; Hu et al.,
2015; Remya et al., 2015), and as one of the largest
threats to global biodiversity, due to the alteration
caused to the habitat of many species.
Several studies on different predictive spatial distribution approaches have in fact demonstrated the critical
role of the impacts of climate change on species distributions (Rebelo et al., 2010; Bellard et al., 2012; Devictor et al., 2012; Gastón and García-Viñas, 2013;
Travis et al., 2013; Chen et al., 2015; Hu et al., 2015)
and in particular on sensitive or threatened species distributions like those endemic (Escalante et al., 2009;
Kumar and Stohlgren, 2009; Bosso et al., 2013;
Kamino et al., 2012; van Gils et al., 2012; Urbani et
al., 2015).
Modeling studies are of great importance in biological
conservation; their predictive capabilities shed light on
several issues, such as reduction of the distribution area
of protected species, or the possible extension of invasive species (Beck, 2013; Fourcade et al., 2014).
Mountain ecosystems are subjected to relatively low
human impacts, yet they show high sensitivity and vulnerability to the impact of climate change (Brunetti et

al., 2009; Brambilla et al., 2014; Ramirez-Villegas et
al., 2014). Variation in the structure and distribution of
habitats, mainly due to an increase in temperature and
change in rainfall patterns, with variation in the intensity and frequency of extreme events, threaten the most
sensitive species where they occur, e.g. the raising of
the tree line affects species associated with high altitudes. Through SDMs it is possible to evaluate the potential availability of suitable habitat for many species
in a given area and consequently estimate eventual
modifications in their future distribution (Aguilar et al.,
2015; Ehrlén and Morris, 2015).
To investigate the effects of climate change, under
both current and projected conditions, on some insect
species associated with high altitudes, we used a species-climate envelope modeling approach on a selected
group of Coleoptera and Orthoptera endemic to Italy in
the Central Apennines. This faunal component has experienced differentiation processes and geographic and
ecological isolation as a result of complex turnover of
palaeoclimatic vicissitudes that have affected the Apennines during the Pliocene-Pleistocene glaciations. The
Central Apennines in particular, played a fundamental
role as a refuge area in the Quaternary, becoming an
important current biodiversity hotspot for many endemic species and subspecies, generally occurring in
small and fragmented populations (La Greca, 2002;
Stoch, 2007; Fattorini, 2010; Biondi et al., 2013).
Materials and methods
Study area
The study area (figure 1) includes the peninsular part
of Central Italy, located at altitudes equal to or higher
than 1400 m a.s.l., encompassing the main mountain
massifs of the Central Apennines. Vegetation zones are
mostly represented from Apennine deciduous montane
forests (mainly beechwoods) to montane shrublands and
grasslands (Pedrotti and Gafta, 2003), while the climatic
region is the “Mediterranean warm temperate mountainous climate” (TM4 of Constantini et al., 2013).
Species databases
Ten endemic Apennine insect species, with distribution ranges above 1400 m a.s.l., were considered: order
Orthoptera: 3 Acrididae [Italohippus monticola (Ebner)
(IUCN, 2016: Endangered), Italopodisma costae (Targioni-Tozzetti) (IUCN, 2016: Least Concern), and Italopodisma fiscellana (La Greca) (IUCN, 2016: Endangered)]; order Coleoptera: 4 Chrysomelidae [Longitarsus springeri Leonardi, Luperus fiorii Weise, Oreina
sibylla (Binaghi), and Psylliodes biondii Leonardi], 2
Carabidae [Trechus hummleri Jeannel and Trechus cerrutii Focarile], 1 Curculionidae [Otiorhynchus sirentensis D‟Amore-Fracassi]. For the last species we only
considered the strictly endemic populations to the Central Apennines attributed to the typonominals. None of
the species of Coleoptera considered is included in
IUCN or national red lists.
The occurrence data (supplemental table S1) were
generated:
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- for Coleoptera Chrysomelidae, both from unpublished
data (M. Biondi, personal data) and from a critical
bibliographic screening including: Biondi, 1990;
Biondi and De Nardis, 2001; Biondi and Di Casoli,
1996; Bologna, 1985; Bologna et al., 1992; Daccordi and Ruffo, 1976; D‟Alessandro and Biondi,
2007; Fogato, 1978; Gruev, 2000; Leonardi, 1975;
2007; Magistretti and Ruffo, 1961; Ruffo and Stoch,
2006; Biondi et al., 2013;
- for Coleoptera Carabidae (Ruffo and Stoch, 2006) and
unpublished data (A. Casale and P. Magrini, personal data);
- for Coleoptera Curculionidae (Ruffo and Stoch, 2006);
- for Orthoptera Acrididae (Ruffo and Stoch, 2006) and
unpublished data (B. Massa, personal data).
Each record was reported in the form of geographical
coordinates (UTM-WGS84 reference system) (supplemental table S1) and distribution maps were generated
with ESRI ArcGis 10.0 software.
Generally, only occurrence data collected or confirmed after 1975 were considered in our analysis.
Environmental variables
Two types of environmental variables were used to
parameterize our models (supplemental table S2): a)
bioclimatic variables (BIO1-BIO19), extracted from the
WorldClim-Global Climate database (Hijmans et al.,
2005; http://www.worldclim.org), consisting mainly of
annual and seasonality trends in temperature and precipitation; b) topographic variables relative to land morphology, such as elevation (ALT), aspect (ASPECT)
and slope (SLOPE).
Elevation data (ALT) was obtained from the WorldClim website and was used to generate the variables
SLOPE, that is the incline or steepness of the surface,
and ASPECT, that is the compass direction that a topographic slope faces, using the “surface tool” in ArcGIS®
Spatial Analyst.
Each predictor variable dataset required prior manipulation to be used in Maximum Entropy Modeling
(MaxEnt), because they must have the same geographic
bounds, cell size and coordinate system. All
downloaded rasters have a world extension and so it
necessary to reported them to the same spatial characteristics through the “Extract by Mask” tool (in Arctoolbox
of ArcGis). In addition, each climate layer raster has
been transformed into ASCII raster grid to be used in
Maxent software. All environmental variables were reported with a 30 arc-second (approximately 1 km) spatial resolution, the highest resolution available by
WorldClim.
Species Distribution Model (SDM)
To predict the potential distribution of the analyzed
species, SDM tools were used in our study. Climate envelope models for each species were performed with
MaxEnt (Maximum Entropy Modeling) version 3.3.3k
(Phillips et al., 2006). Maximum Entropy Modeling
software estimates the most uniform distribution, subject to constraints imposed by the observed spatial distribution of the species and environmental conditions
(Phillips et al., 2006).

Figure 1. Study area: Central Apennines with the areas located at altitudes equal to, or higher than, 1400 m above
sea level (in colour). The symbol () indicates the main massif for each mountain district.
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MaxEnt uses presence-only data as input to predict the
potential distribution of a given species. This approach
allows taking the greatest part of datasets sourced from
museums, collection reports or online databases, into
consideration (Guisan et al., 2013; Aguilar et al., 2015;
Urbani et al., 2015).
The literature indicates that this modeling method is
one of those most commonly used. We chose it because
it produces robust results, even with sparsely and irregularly sampled data, as it is less sensitive to the number
of occurrence records (Elith et al., 2006; Hernandez et
al., 2006; Pearson et al., 2007).
The parameter settings used in our analyses are: convergence threshold (0.00001), replicates (5), replicate
run type (cross-validate), regularization multiplier (1),
maximum number of iterations (500), random test percentage (25); other parameters were retained with their
default settings. Background was created using 10,000
random points, automatically generated by MaxEnt. The
duplicate presence records per cell were removed and
the output grid format was set to “logistic”.
Tenth percentile training threshold (10P) (Freeman and
Moisen, 2008) was adopted to convert maps from suitability indices to presence/absence. This threshold was

chosen because it is a conservative approach suggested
for those datasets collected with non-standardized methods (e.g. museum or collection reports) or by different
collectors or observers over a long time (Rebelo et al.,
2010; Bosso et al., 2013). It is important to underline, in
order to reduce the number of false positives, that it is
preferable to choose lower threshold values. False positives can be the result of biotic and abiotic factors that
obstruct a species to occupy a suitable area (e.g. dispersal limitations); conversely, false negatives may be due
to inaccuracies in the model or even the choice of a
threshold too high (Urbani et al., 2015). Binary maps
where thereby generated to depict potential distribution
maps that identify different levels of habitat suitability
for each species. All pixels with a value under the selected threshold were assigned a value equal to zero (0)
and represent the unsuitable areas. To estimate model
performance, we used the Area Under the Curve (AUC)
of the Receiver Operating Characteristic (ROC) plot,
which evaluates the aptitude of a model to discern the
areas where a given species occurs (1 = perfect predictive ability) from the areas where it is absent (0 = no
predictive ability) (Elith et al., 2006; Phillips et al.,
2006; Lobo et al., 2007; Phillips and Dudík, 2008).

Figure 2. I. monticola (A), I. costai (B), I. fiscellana (C), L. springeri (D). Current and predicted distribution (white
arrow depicts the direction of a possible shift in suitable habitat in 2050). Percentage of suitable habitat between
current and future conditions: no longer suitable area (red); remains suitable area (green); new suitable area (blue).
Current altitudinal range.
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Each of the 22 variables used was evaluated for its
contribution to the model and the response curves built
by MaxEnt were reported for the most significant three.
Distribution maps were produced for each species, reporting the probability of presence according to a percentage scale.
Future climate data
Future predictive distribution maps were also generated at 30s resolution, using the 19 bioclimatic variables
(BIO1-19) downloadable from the WorldClim website.
Among the different Global Climate Models (GCMs)
available for future predictions, the CNRM-CM5 climate model (Voldoire et al., 2013) was preferred. This
model was generated by the Centre National de Recherches Météorologiques (France) under four climatic scenarios, represented by the Representative Concentration
Pathways: RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5,
where the numbers refer to the radiative forcings measured in watts per square metre (W/m2). RCP 2.6 was
chosen for our analysis, because this scenario is the
most conservative and ambitious pathway enough to be
often considered as not realistic (van Vuuren et al.,
2011). The purpose of our analysis is therefore to assess

if this demanding pathway should be sufficient to avoid
possible large effects of climate change on the future
distribution of the species considered, through extensions or reductions of their areal. RCP 2.6 assumes, indeed, „aggressive‟ mitigation strategies that should
cause global greenhouse gas emissions to start decreasing after about a decade, in order to drop to zero level
by 2070 (IPCC, 2013).
To compare differences in suitable habitat between
current and future conditions and evaluate possible effects of climate change on the distribution of each species, we are referring to the “suitability status change
index” (SSCI) proposed by Ceccarelli and Rabinovich
(2015), where the values obtained by the subtraction between future and current suitability areas were considered. Based on this index, the output maps were reclassified as binary maps, indicating with “1” the possible
occurrence (i.e. the values falling within the suitable
habitat) and with “0” the absence (i.e. the values falling
within the range under the threshold value). For the future suitability values, the occurrence is indicated with
“2” instead. The possible changes between current and
future suitability status can be: “no longer suitable area”
(-1) (currently suitable areas that will not remain the

Figure 3. L. fiorii (A), O. sibylla (B), O. sirentensis (C), P. biondii (D). Current and predicted distribution (white arrow depicts the direction of a possible shift in suitable habitat in 2050). Percentage of suitable habitat between current and future conditions: no longer suitable area (red); remains suitable area (green); new suitable area (blue).
Current altitudinal range.
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Figure 4. T. cerrutii (A), T. hummleri (B). Current and predicted distribution (white arrow depicts the direction of a
possible shift in suitable habitat in 2050). Percentage of suitable habitat between current and future conditions: no
longer suitable area (red); remains suitable area (green); new suitable area (blue). Current altitudinal range.
same in the future), “remains unsuitable area” (0) (unsuitable both currently and under future climatic conditions), “remains suitable area” (1) (suitable both currently and under future conditions), and “new suitable
area” (2) (currently unsuitable but becoming suitable
under future conditions) (supplemental table S3).
The extent of suitable areas, in current and future scenarios, was calculated considering the number of “colored” pixels, and multiplying them by cell size values;
the results were reported as percentages (figures 2-4).
The final predictive maps were created taking into
consideration the potential suitability areas for each
species at two different times, present-time and 2050 in
the scenario RCP 2.6, identifying those areas that will
be lost, gained or remain unchanged in the future climate scenario considered. In addition, we have also calculated possible range shifts for each species, using ArcGis tools, by comparing eventual different positions of
the relative two centroids meant as the central points of
the current and the future distribution (Aguilar et al.,
2015).
Finally, the occurrence data for each species were interpolated with the rasters of the bioclimatic variables,
to highlight positive or negative trends of the variation
between current time and the 2050‟s.
Results
The model evaluation provided satisfactory results with
AUC mean values higher than 0.969, indicating a high
power of MaxEnt in predicting potential habitat for the
ten insect species analyzed. Presence data showed no
spatial autocorrelation for the ten species considered,
with Moran‟s Index comprised between −0.001 and
0.261 (table 1).
In table 1, are reported the estimates for the relative
contributions of the most significant environmental variables used by MaxEnt for building the models and data
helpful to interpret the analyses proposed. Overall, the
variables providing the highest contribution to the poten194

tial distribution models obtained are BIO3 (isothermality), BIO18 (precipitation of warmest quarter) and ALT
(altitude) (table 1), with correlation values: BIO3BIO18 = −0.23; BIO3-ALT = −0.46; BIO18-ALT = 0.67.
By analyzing table 1 and supplemental figure S1, we
note how the three Orthoptera species considered (I.
monticola, I. costai and I. fiscellana), characterized by a
similar ecological condition associated with the xeric
habitats at high altitudes (Massa et al., 2012), are regulated by exactly the same variables (BIO3, ALT and
BIO18).
In eight of the ten species considered (3 Orthoptera
and 5 Coleoptera), BIO3 is the most important variable
contributing to their environmental compatibility. These
eight species show a habitat suitability inversely proportional to the increase of the BIO3 values, indicating
a high sensitivity to large fluctuations in temperature.
In addition, by analyzing table 1 and the response
curves in supplemental figure S2-S3, we note how the
optimum range (18-20%) of this variable corresponds
to a probability of presence of 95-98%, which then decreases and reaches “zero” suitability for higher values
(>28-30%). The two remaining Coleoptera: Carabidae
species, T. cerrutii and T. hummleri, are typical representatives of the edaphic fauna; for the first species
BIO3 contributes significantly to its habitat suitability
(24%), but not for the latter (0%), which is instead
regulated mainly by BIO18 (23.4%), BIO9 (22.3%) and
BIO8 (17.0%) (table 1, supplemental figure S1), with
correlation values: BIO8-BIO9 = 0.01; BIO8-BIO18 =
0.18; BIO9-BIO18 = −0.89.
About ALT, the increasing value of this variable generally indicates a gain in the potential suitable habitat
for most species considered, showing an optimum range
at altitudes higher than 1800-2000 m (table 1, supplemental figure S2-S3).
Regarding the variable BIO18, precipitation values
show a peak of about 60-70% of probability of presence, corresponding with about 180-200 mm, for
I. monticola, I. costai, I. fiscellana, O. sirentensis and
T. hummleri (table 1, supplemental figure S2-S3).
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0.182

0.076

0.283

0.138

0.402

0.517

0.078

0.065

0.472

0.458

Italopodisma costai

Italopodisma fiscellana

Longitarsus springeri

Luperus fiorii

Oreina sibylla

Otiorhynchus sirentensis

Psylliodes biondii

Trechus cerrutii

Trechus hummleri

10P

Italohippus monticola

Species

(A)

0.969

0.997

0.976

0.985

0.982

1.000

0.983

0.994

0.982

AUC
(mean)
0.987

(B)

0.058

0.224

−0.001

0.094

−0.001

0.000

−0.001

0.281

0.221

Moran
Index
0.191

(C)

BIO3
ALT
BIO18
BIO3
BIO18
ALT
BIO3
ALT
BIO18
BIO3
ALT
BIO12
BIO3
BIO9
BIO18
BIO3
BIO19
BIO2
BIO3
ALT
BIO18
BIO3
BIO19
ALT
BIO8
BIO3
BIO19
BIO18
BIO9
BIO8

Variables

Unit of
measure
/
m
mm
/
mm
m
/
m
mm
/
m
mm
/
°C
mm
/
mm
°C
/
m
mm
/
mm
m
°C
/
mm
mm
°C
°C

Contribution
(%)
33.9
20.0
19.6
47.4
15.4
12.4
42.9
20.1
16.2
33.0
20.1
9.2
74.5
13.2
6.3
68.4
13.6
9.9
46.3
21.5
12.7
69.4
8.3
7.0
43.6
24.0
12.0
23.4
22.3
17.0

Optimal
range
18-20
2000
200
18-20
200
>1800
18-20
1900
200
18-20
>2500
0-300
17-19
−14/−10
0-40
17-19
0-80
3.0-3.8
18-20.5
2000
180
18-20
20-80
>2500
1
18-20
170
220
−2.5
3.5

(D)
Probability of presence
(mean%)
98
68
70
98
68
68
96
70
71
98
>73
67
96
83
51
97
75
95
95
70
65
97
71
>73
69
97
55
63
58
71

"Zero"
suitability
>34
<500
<60 or >330
>36
<40 or >400
0
>30
<500
<100 or >350
>34
0
>2500
>28
>20
>600
>28
>600
>7
>32
0
<50 or >400
>32
>750
0
<−10 or >10
>32
>400
<40 or >400
<−10 or >20
<−10 or >15

Table 1. Data from Maximum Entropy (MaxEnt) models for species: A) 10 th percentile (10P) training presence logistic threshold values; B) AUC mean values; C) Moran’s Index values; D) most significant three variables by MaxEnt for each species, with unit of measure, percent contribution, optimal range and “zero” suitability values.

Table 2. Mean differences of bioclimatic variables for species between current time and the 2050‟s. Symbols for
temperature variables: ≈ around zero; ↑ between 0.1 and 1.0; ↑↑ between 1.1-3.0; ↑↑↑ between 3.1-5.0; ↑↑↑↑ > 5.1.
Symbols for precipitation variables: ≈ around zero; ↑ between 1.0 and 10.0; ↑↑ between 10.1-30.0; ↑↑↑ between
30.1-50.0; ↑↑↑↑ > 50.1; ↓ between −1.0 and −10.0.
trend
diff BIO1 (°C)
diff BIO2 (°C)
diff BIO3 (%)
diff BIO4 (°C)
diff BIO5 (°C)
diff BIO6 (°C)
diff BIO7 (°C)
diff BIO8 (°C)
diff BIO9 (°C)
diff BIO10 (°C)
diff BIO11 (°C)
diff BIO12 (mm)
diff BIO13 (mm)
diff BIO14 (mm)
diff BIO15 (%)
diff BIO16 (mm)
diff BIO17 (mm)
diff BIO18 (mm)
diff BIO19 (mm)

1.358
0.014
−0.007
0.030
1.788
0.895
0.893
2.405
1.462
1.751
0.949
54.294
14.298
−3.022
0.011
11.787
10.048
20.031
6.332

Italohippus Italopodisma Italopodisma Longitarsus Luperus Oreina Otiorhynchus Psylliodes Trechus Trechus
monticola
costai
fiscellana
springeri
fiorii sibylla sirentensis
biondii cerrutii hummleri
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑↑
↑↑↑
↑↑
↑↑
↑↑↑
↑↑
↑↑
↑↑
↑↑↑
↑↑
↑↑
↑↑
↑
↑↑
↑
↑↑
↑↑
↑↑
↑↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑↑↑↑
↑↑↑↑
↑↑↑↑
↑↑↑
↑↑↑↑
↑↑↑↑
↑↑↑
↑↑↑↑
↑↑↑
↑↑↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↓
↓
↓
≈
↓
↓
≈
↓
↑
↓
≈
≈
≈
≈
≈
≈
≈
≈
≈
≈
↑↑
↑↑
↑↑
↑
↑↑
↑↑
↑↑
↑↑
↑
↑↑
↑↑
↑↑
↑
↑
↑↑
↑
↑↑
↑
↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑↑
↑
↑
↑
↑
↑
↑
↑
↑
↑
↑

For values higher than 200 mm, the increase of precipitation values generally involves a clear reduction of the
environmental compatibility. Therefore BIO18, that
provides total precipitation during the warmest three
months of the year, can supply helpful information on
how such environmental factors may affect species seasonal distributions (O‟Donnel and Ignizio, 2012).
Comparing temperature and precipitation values between current time and the 2050‟s (table 2), we see how
the future variations of these variables will reach extreme conditions. The values of all temperature variables tend to generally increase (e.g. BIO1: annual mean
temperature) and the most marked growth is expected
for BIO8 (mean temperature of wettest quarters), BIO5
(max temperature of warmest month) and BIO10 (mean
temperature of warmest quarters). As for the precipitation variations, we notice a strong increase of BIO12
(annual precipitation), and smaller increases of BIO13
(precipitation of wettest month), BIO18 (precipitation of
warmest quarters), and BIO19 (precipitation of coldest
quarter). Conversely, reductions of precipitation are
predicted for BIO14 (precipitation of driest months), so
exacerbating the differences between the dry and wet
periods.
When raster cell counts between current and future
conditions are compared, differences between the models are evident. The steps from the current to the future
suitable habitat for each species analyzed are reported in
figures 2-4, highlighting those areas that will be lost,
gained or remain unchanged. The estimate of suitable
areas, obtained from threshold spatial predictions of
probability, is displayed as percentages.
The model projection for the year 2050 reveals that
suitable habitats for all species analyzed will be reduced, the minimum being a limited loss of suitable
habitat (figures 2-4). Serious losses of suitable habitat
mostly concern: I. monticola (−45.25%) (figure 2A),
and I. fiscellana (−50.94%) (figure 2C), both are orophi196

lous species living in alpine meadows and mountain
pastures up to 2500 m in the Central Apennines (Massa
et al., 2012); L. fiorii (−65.40%.) (figure 3A), a strictly
alpine species, with an altitudinal range between 19002300 m, mainly associated with high pastures and contiguous scree slopes (M. Biondi, personal data).
The predicted complete loss of suitable areas for
T. hummleri in 2050 (figure 4B) could be due to the
large variation in temperature during the next 30 years
(BIO1, BIO5, BIO8-10) and the pluviometric variables
(BIO12, BIO13, BIO16-18) regulating its distribution
(table 2). These variations could have an increased effect at lower altitudes where this beetle preferably lives
(optimum 1600-1700 m) (figure 4B). The closely related T. cerrutii is associated with higher altitudes (optimum 1900-2100 m) (figure 4A), although its current
distribution sites will be undergoing larger increases in
temperature (i.e. BIO8-BIO9) and similar pluviometric
variations in the near future based on our model, this
species seems respond better to these variations, shifting
its distribution towards the south-east (figure 4A).
Predictions of habitat loss should be considered as
very close to a “real” phenomenon, as climatic and ecological conditions become incompatible and species fail
to show resilience, they will move towards extinction.
By contrast, “virtual” gains only indicate theoretical potential extensions of suitable areas, suggested by the
model for a given species, but they could never be
reached or occupied by the species. Our analyses suggest how I. monticola (figure 2A), I. costai (figure 2B),
O. sirentensis (figure 3C), and T. cerrutii (figure 4A)
show a slight “virtual” gain due to the “shifting” of their
suitable habitat. These possible “shiftings” of suitable
areas were highlighted through the centroid analysis,
which shows how they move from the current situation
to future scenarios, generally toward the southeast, concerning limited areas (over 1400 m) of the southern area
of Central Apennines, mainly Mt. Marsicano (Abruzzo,

Lazio and Molise National Park) and Matese. Losses of
suitable areas were instead predicted for all species particularly in the Northern sectors of the Central Apennines (Mts. Sibillini).
By analyzing table 1, we can observe how the geographical ranges of L. springeri (figure 2D), L. fiorii
(figure 3A), and O. sibylla (figure 3B), will be in contraction without any minimal expansion in the projection to 2050s, showing rather a raising towards high altitudes, facing further reduction and fragmentation of
their habitat.
Discussion and conclusions
Due to the limited geographic distribution and the specific ecological conditions characterizing them, endemic
taxa generally represent very vulnerable elements. From
the conservation point of view, therefore, the prediction
of their potential distribution area, mainly in case of
threatened species, represents an important tool to understand the environmental factors that could influence
their survival and to contribute to the identification of
priority actions for their protection (Aguilar et al., 2015;
Brambilla et al., 2014; Ramirez-Villegas et al., 2014;
Travis et al., 2013). In fact, analyzing the causes of the
fragmentation and contraction of species distributions
allows us to develop possible strategies to try to halt,
slow down or reverse negative trends.
Although in the recent past (Stoch, 2006), the current
climatic factors have been considered to be poorly correlated and statistically insignificant factors in influencing numerically and compositionally the endemic component of the Italian fauna, they appear instead to grow
considerably in importance in the light of current data.
Based on our analysis, the environmental variables
that will influence future suitable areas for the endemic
species analyzed seem mostly to be represented by “isothermality” (BIO3), revealing the high vulnerability of
species associated with high altitudes to strong and large
fluctuations in temperature and the severity of extreme
weather events (Bisi et al., 2015).
Elevation and precipitation variation are also important variables shaping species distribution (van der Putten et al., 2010). Elevation is, and will remain, a significant factor with a constraining role for several highaltitude species. Variation in the intensity and frequency
of orographic precipitation, especially regarding the increase in precipitation in the warmer and wettest months
and the decrease in the driest months, will consistently
affect the faunal component associated with high altitudes and result in a reduction in environmental compatibility.
Orophilous species exhibit limited distribution and
constrained ecological adaptability, which can make
them highly susceptible to the smallest variation in climate. Losses, fragmentations and/or a progressive rise
in altitude of suitable habitat, the scarce ability to migrate to new sites, and the possible interspecific competition with species from lower altitudes, are important
factors for the survival of high-altitude species (Parmesan, 2006).

By our analysis, a projection RCP 2.6 to 2050s could
cause a strong decrease in the amount of suitable area
for all the analyzed species living at high altitudes in the
Central Apennines, even leading some of them to the
brink of extinction, notwithstanding the fact that the
projection considered is the most optimistic. Our final
models reveal, in fact, how even a moderate increase in
temperature may affect animal biodiversity in high altitude environments.
Many species living at lower altitudes could move towards higher altitudes to contrast the effects of global
warming and find new optimal conditions for their survival, but those species already associated with highaltitudes have no escape route to avoid extinction,
unless they move to suitable habitats in adjacent areas.
This possibility is also suggested by MaxEnt for species
such as I. costai, I. monticola, T. cerrutii and O. sirentensis, that could shift their distribution southwards,
where they could find more suitable environments. This
shift in a south-easterly direction, although being only
theoretic, could actually be possible thanks to the presence of intermediate valleys at high elevations that
could favour the faunal exchange among mountain
groups in Central Apennines. Conversely, no shifting
could be possible to the North of the Central Apennines,
because of the interruption of ecological continuity due
to the presence of only large areas at low and medium
altitudes.
Our analyses suggest possible evolution of environmental and climatic changes but, obviously, do not provide predictions in an absolute way. It is therefore also
necessary to interpret these results on the basis of
autoecological and sinecological information, such as
dispersal capabilities, trophic specialization, meiopterism, philopatric behaviour, and/or vicariance events
(Piper and Compton, 2010; Biondi et al., 2013), but also
on factors such as the over-simplification of ecosystems
and progressive human settlement, which tend to accelerate the impoverishment of biodiversity, especially in
very sensitive environments, e.g. those at high altitudes.
In conclusion, in the light of the obtained results, we
underline the importance of including the application of
predictive models to hypothesize future climate scenarios into existing preservation strategies, and to develop
a global management plan of action in order to apply
conservation measures. Correct and farsighted actions
are indeed indispensable for particularly sensitive habitats and vulnerable species, in particular for areas as
Central Apennines that represent one of the most important hotspot of biodiversity for high altitude species, especially for insects, in Europe (Biondi, 2017).
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