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Distribution of the Freshwater Snail Species Fagotia (Gastropoda, Melanopsidae) in Ukraine
According to Climatic Factors. 1. Fagotia esperi. Tytar, V., Makarova, N. — Maximum entropy niche
modeling was employed as a tool to assess potential habitat suitability for the freshwater snail F. esperi
(Férussac, 1823) in Ukraine for both contemporary climatic conditions and conditions projected for 2050.
Of the 19 bioclimatic predictor variables used in the modeling, the “mean temperature seosonality” “mean
temperature of driest quarter” and “precipitation of warmest quarter” were the three most important in

predicting habitat suitability and distribution of this mollusk species.
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PacnpocrpaHeHMe INIPeCHOBOAHBIX MONIIOCKOB poaa Fagotia (Gastropoda, Melanopsidae) Ha
TeppUTOpUM YKpPaMHBI B COOTBETCTBUI ¢ KIMMaTniecKumu ycnopuamu. 1. Fagotia esperi. Tutap B.,
MaxkapoBa H. — MogenupoBaHue 9KOTOTMYECKON HUIIM METOLOM MAaKCUMAIbHON SHTPONNUM OBIIO
VICIIO/IB30BAHO J1/I1 BBIACHEHEVA PO/IN KIMMATNYECKINX YCHOBI/Iﬁ B (bOpMI/[pOBaHI/H/I apeana npeCHOBOAHDBIX
MoiockoB F. esperi (Férussac, 1823) Ha Tepputopun YKpauHblI Py COBPEMEHHBIX 1 IIPOTHO3UPYEMbIX
Ha 2050 r. KIMMaTUYeCKUX YCIIOBMAX. Cpem/[ JICIIO/ZIb3OBAHHBIX B MOJIEC/IAX 19 6I/IOKHI/IMaTI/I‘-IeCKI/IX
IPENUKTOPOB, Hanbo/mee BAXHBIMI OKA3a/IMCh «TeMIepaTypHas CE30HHOCTb», «CPEfHss TeMIepaTypa
Hanboee CyXoro KBaprana» U «0cafky Hanbojee TEIIOTO KBapTana», 10 KOTOPbIM IPOBe/ieHa OLjeHKa
IIpUTOHOCTN CpE€NbI O6I/ITaHI/IH VI IOTEHIMIAJIbHOTO PACIIPOCTPAHEHNIA 3TOTO BUJA MOJITIOCKOB.

KnodeBsle cmoBa: Maxent, MOfeIb pacIpocTpaHeHUs BuAoB, Fagotia esperi, KIMMaTHdecKue
¢daxTopsl, YKpauHa.

Introduction

Inland waters make up only 0.01 % of the world’s total water, yet they support an important part of global
biodiversity (Dudgeon et al., 2006), but in the face of environmental change freshwater habitats are amongst
the first to suffer. Human activities are responsible for habitat fragmentation and water pollution, increasing
levels of greenhouse gases are causing worldwide climatic changes. In freshwater habitats, predicted climate
change will mainly affect runoff regimes, the seasonality of water availability and the average temperature, as an
increase in air temperature translates directly into warmer water temperature (Carpenter et al., 1992; Poff et al.,
2002). Warmer waters hold less dissolved oxygen, which could have consequences for organisms requiring high
oxygen levels. This in turn is likely to affect the life processes of many aquatic organisms, including freshwater
gastropods. In particular this regards lithoreophilous species, such as prosobranch snails of the genus Fagotia
Bourguignat, 1884.

These gastropods are a part of the subfamily Melanopsinae, which has about 10 other genera worldwide
(Wenz, 1938). Initially Ferussac classified the two well known F. acicularis (Férussac, 1823) and F. esperi (Férus-
sac, 1823) in the genus Melanopsis, but Bourguignat (1884) separated F. esperi together with 21 synonymous
taxa into a new genus Fagotia and F. acicularis with further 18 synonyms into the genus Microcolpia. Later
Wenz (1938) comprised both as subgenera of Fagotia. They originated simultaneously in the basin of the river
Danube, and are nowadays widespread in central and eastern Europe, being native to Austria, Bosnia and Her-
zegovina, Bulgaria, Croatia, Hungary, Montenegro, Romania, Serbia, Slovakia, Slovenia, Turkey and Ukraine.
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In Ukraine both species, F. esperi and F. acicularis, are found in catchments of the Right-bank, namely the Dan-
ube, Dnister, Southern Buh, Dnipro (Anistratenko, Anistratenko, 2001; Starobogatov, 1970). Since their first
discovery in Ukraine (Eichwald, 1830), population numbers and densities of both have suffered a sharp decline
due to an array of anthropogenic impacts affecting the hydrology and hydrochemistry in habitats occupied by
the two species. This trend might be aggravated by climate change in a way that in the near future these species
may fall into the category of “critically endangered” and become a subject of the Red Data Book of Ukraine.

Research and development of conservation strategies for aquatic species such as F. esperi and F. acicularisis
urgently needed to avoid the high probability of future extinctions and aquatic ecosystem change. In addition, as
aquatic invertebrates they may be useful biological indicators of climate-induced changes in aquatic ecosystems
because they are integral components of aquatic food webs and their distributions and abundances are strongly
influenced by temperature and stream flow gradients dependent on precipitation. Loss of such species decrease
stream habitat heterogeneity and may likely indicate an overall reduction in regional biodiversity.

Among the various tools used in conservation planning to protect biodiversity, species distribution
models (SDMs), also known as climate envelope models, habitat suitability models, and ecological niche
models provide a way to identify the potential habitat of a species in an ecoregion and their applications
have increased exponentially (for an overview see Research..., 2014). SDMs are based on the concept of the
“ecological niche” (Hutchinson, 1957), which can be defined as the sum of the environmental factors that a
species needs for its survival and reproduction. When applied to species, all SDMs are based on the assumption
of niche conservatism (Wiens, Graham, 2005) and rarely consider biotic interactions (Elith, Leathwick, 2009;
Guisan, Thuiller, 2005). Moreover, these techniques are based on observed occurrence or abundance data and
therefore estimate the realized niche or the potential niche (i. e. the realized niche assessed from a reduced
number of ecological dimensions). Many niche models are based purely on climate variables because these
data are readily available, covering large spatial scales. SDMs predict the potential distribution of a species
by interpolating identified relationships between presence/absence or presence-only data of a species on one
hand and environmental predictors on the other hand across an area of interest. From the array of various
applications, Maxent (Phillips et al., 2006) stands out because it has been found to perform best among many
different modeling methods (Elith et al., 2006) and may remain effective despite small sample sizes. Maxent is
a maximum entropy based machine learning program that estimates the probability distribution for a species’
occurrence based on environmental constraints (Phillips et al., 2006). It requires only species presence data (not
absence) and environmental variable (continuous or categorical) layers for the study area.

In summary, our objectives are: (i) to describe in terms of climate and anthropogenic impact the
ecological and geographical range of F. esperi in Ukraine, (ii) identify the environmental factors that constrain
their distribution, (iii) estimate the species’ responses to these environmental variables, (iv) map the nationwide
potential distribution of the study species for present-day climate, (v) forecast the distribution in a future
climate, based on a climate change projection model.

Material and methods

Species records. We gathered 168 records of F. esperi in Ukraine. The extracted points were manu-
ally georeferenced using OziExplorer v. 3.95.4 m. All the coordinates were collected in decimal degree and con-
verted to a point vector file for modeling the distribution of the species. The georeferenced dataset was further
trimmed to retain only spatially unique ones, corresponding to single environmental grid cells (all cells have
a 10-minute horizontal and vertical resolution). Consequently, only 56 unique records were used to generate
SDMs for the snail species.

Bioclimatic data.To relate the occurrence records of F. esperi with abiotic conditions, we download-
ed 19 bioclimatic variables (see table 1 for names and acronyms) for the current climate and climate projected
for 2050 from the CliMond database at a 10-minute resolution and WGS1984 projection (Kriticos et al., 2012).
These variables represent annual trends (e. g., mean annual temperature, annual precipitation) seasonality (e. g.,
annual range in temperature and precipitation) and extreme or limiting environmental factors (e. g., tempera-
ture of the coldest and warmest month, and precipitation of the wet and dry quarters).

Temperature has long been recognized as an important environmental factor in aquatic ecosystems in
regard to its pivotal role over biological (development, growth and reproduction), chemical, and physical prop-
erties. Aquatic organisms all have a preferred temperature range and poikilothermic species must maintain a
specific internal temperature or inhabit environments within a temperature range. Precipitation regimes and
variation of precipitation events have broad effects on ecosystem productivity, habitat structure, and ultimately
on species’ distribution.

The bioclimatic temperature variables themselves are gained from ambient air temperatures, however
they have been used in successful models of aquatic species (Kumar et al., 2009; Milanovich et al., 2010; Wenger
et al,, 2011; Blank, Blaustein, 2012) because the values typically correlate with water temperatures (Stefan,
Preud’homme, 1993).

Statistical modeling. Factor analysis in Statistica 8 Portable was used to examine the contributions
and the main patterns of inter-correlation among the potential environmental controls. Principal component
(PC) was used as the extraction method. By rotating the factors a factor solution was found that is equal to that
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Table 1. Summary of the bioclimatic profile of F. esperi

Bioclimatic variables | Acronym Median Minimum Maximum

Annual Mean Temperature bio 1 8.44 7.08 11.42
Mean Monthly Temperature Range bio 2 8.48 6.43 9.69
Isothermality (bio 2/bio 7) (x 100) bio 3 0.263 0.220 0.290
Temperature Seasonality (STD* x 100) bio 4 0.030 0.027 0.032
Max Temperature of Warmest Month bio 5 24.90 23.34 28.64
Min Temperature of Coldest Month bio 6 -7.59 -8.80 -2.80
Temperature Annual Range (bio 5/bio 6) bio 7 32.39 28.78 35.23
Mean Temperature of Wettest Quarter bio 8 17.84 16.78 20.56
Mean Temperature of Driest Quarter bio 9 -1.78 -2.98 11.91
Mean Temperature of Warmest Quarter bio 10 18.62 17.23 21.36
Mean Temperature of Coldest Quarter bio 11 -2.51 -4.05 1.24
Annual Precipitation bio 12 596.5 356.0 700.0
Precipitation of Wettest Month bio 13 19.2 9.4 23.2
Precipitation of Driest Month bio 14 6.4 4.6 8.3

Precipitation Seasonality (CV)* bio 15 0.342 0.152 0.431
Precipitation of Wettest Quarter bio 16 224.8 110.0 271.7
Precipitation of Driest Quarter bio 17 97.0 71.4 115.8
Precipitation of Warmest Quarter bio 18 224.0 108.0 259.1
Precipitation of Coldest Quarter bio 19 103.0 77.5 120.7

* STD — standard deviation; CV — coeflicient of variation.
Absolute temperature values are in degrees Celsius (° C), precipitation in mm.

obtained in the initial extraction but which has the simplest interpretation, and for this purpose the Varimax
normalized type of rotation was applied. Usually a solution that explains 75-80 % of the variance is considered
sufficient.

Routine statistical processing was accomplished using the software PAST 2.13 (Hammer, et al., 2001).

Maxent distribution model. We used the freely available Maxent software, version 3.3. 3k,
which generates an estimate of probability of presence of the species that varies from 0 to 1, where 0 being
the lowest and 1 the highest probability. The default settings of Maxent were used in this study. We ran
models with 25 bootstrap replicates, and assessed model performance using the average AUC (area under the
receiver operating curve) score to compare model performance. AUC values > 0.9 are considered to have “very
good”, > 0.8 “good” and > 0.7 “useful” discrimination abilities (Swets, 1988). The logistic output format was
used, because it is easily interpretable with logistic suitability values ranging from 0 (lowest suitability) to 1
(highest suitability). Better interpretation is made in most cases by defining thresholds of habitat suitability. To
establish which areas are climatically suitable for the snail, we used the 10 percentile training presence logistic
threshold. This has the effect of conservatively identifying a region of highest fit that does not allow outlying
points of presence to expand the predicted area of occupancy beyond a core region. Binary maps of species
occurrence were created by reclassifying the integer raster datasets, where all values above the given threshold
were assigned a value of 1 and all other values were assigned a value of 0.
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Fig. 1. Response curve of the temperature seasonality (bio 4).
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Usually, researchers calculate correlation coefficients (e. g. Pearson coefficient) to avoid correlated
variables and to reduce the effects of multi-colinearity in their models. However, from this type of analysis
ecologically relevant variables could be excluded. Burnham and Anderson (1998) have made clear that applying
correlation analysis in order to find a significant set of predictor variables will most probably expose false
correlations. Fortunately, Maxent is able to incorporate complex dependencies between predictor variables and
even in the presence of correlated variables, non-linearity, bimodality etc. Maxent performs better than most
other modeling methods (Elith et al., 2011), though no single modeling method is thought to have the complete
truth. Thus, all covariates were retained for the final model.

The jackknife variable importance feature in Maxent was used to assess the relative importance of the
environmental predictors in the model. We determined the relative importance of variables remaining in the
model with permutation of importance. Permutation of importance is a measure of the contribution of each
variable quantified by the resulting decrease in training AUC when randomly permuting a variable. The values
total to 100 % across all variables and larger decreases mean the model depends more heavily on that variable.

Maxent allows the construction of response curves to illustrate the effect of selected variables on probability
of occurrence. If needed, a smoothing function (a regularization multiplier of 10) was used to smooth response
curves of variables to prevent overfitting of the curve. Identification of the most important predictors, and the
analysis of the relations between the predictors and (predicted) habitat suitability, allows the description of
the autecology of a species (defined here as the biological relationship between a species and its environment).
Using this methodology we analyze the autecology of F. esperi.

Results were processed and visualized in DIVA-GIS 7.5 and QGIS 2.6, free computer programs for
mapping and geographic data analysis.

Results and discussion

Table 1 summarizes the bioclimatic profile of the species by indicating minimum,
maximum, and medians for all 19 bioclimatic variables. As one could expect, this profile is
clearly a narrower subset of the same variables extracted for 500 random points generated
over a polygon layer representing the entire country. For instance, within places where
F. esperi has been found in Ukraine annual mean temperatures (bio 1) range from 7.08 to
11.42 °C, whereas for the country these figures vary to a wider extent — from 3.69 to 11.93 °C;
the mean values too show a difference: 8.65 + 0.19 for F. esperi against 8.18 + 0.06 °C for the
entire country (t = 2.58, p = 0.01). One-way ANOVA shows a similar pattern for 9 other
bioclimatic variables, addressed in this study: bio 3, bio 4, bio 6, bio 7, bio 11, bio 14, bio 15,
bio 17 and bio 19.

The PC analysis provided a comprehensive way to analyze the niche of F. esperi
(table 2). The first three PCs accounted for close to 90 % of the variance in the data set
covering all the bioclimatic variables extracted from the trimmed occurrence points within
the home range of snail in Ukraine. The first component explained an overwhelming
62.8 % of the total variance and captures the positive significance of precipitation (bio 12,
bio 13, bio 15, bio 16, bio 18), particularly in the warmest time of the year, and the inversely
related importance of temperature variables (bio 1, bio 5, bio 6, bio 8, bio 9, bio 10, bio 11),
indicated by their highly negative contribution. Both the second and third components
(contributing to the total variance 15.5 and 11.3 %, respectively) are exclusively associated
with variables expressing the homogeneity of temperatures throughout the year, but in a
reverse manner. The second component negatively correlates with temperature seasonality
(bio 4) and the temperature annual range (bio 7), whereas the third component displays a
positive correlation with the mean monthly temperature range (bio 2) and isothermality
(bio 3).

In general it can be argued that in terms of the abiotic niche, both water availability in the
first place and temperature are the main drivers of the snail’s life cycle, however the strong
negative contribution of temperature variables featuring the thermal dimension of the niche
of F. esperi raise concern on the future of the species under a scenario of a warming climate.
Frequent or severe changes in temperature can also have negative effects on the discharge
and depth of rivers and therefore habitat availability, and sharp changes in temperature
seasonality reflect the likelihood of drought (death by desiccation) and flooding.

The Maxent model’s internal jackknife test of variable importance showed that preci-
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Table 2. Bioclimatic variables and their loadings on the first three axes of the Principal Components*

Variable acronym PCA axis 1 PCA axis 2 PCA axis 3

bio 1 -0.94 0.22 0.09
bio 2 0.03 -0.38 0.92
bio 3 0.17 0.11 0.97
bio 4 -0.03 -0.99 -0.10
bio 5 -0.90 -0.28 0.22
bio 6 -0.87 0.44 -0.08
bio 7 -0.17 -0.90 0.39
bio 8 -0.92 -0.15 -0.11
bio 9 -0.78 -0.20 -0.39
bio 10 -0.96 -0.11 0.03
bio 11 -0.87 0.43 0.08
bio 12 0.87 0.12 0.09
bio 13 0.87 0.12 0.18
bio 14 0.57 0.15 0.14
bio 15 0.88 0.10 0.19
bio 16 0.88 0.12 0.15
bio 17 0.38 0.08 -0.03
bio 18 0.91 0.10 0.11

bio 19 0.27 -0.08 -0.22
Eigenvalue 11.9 2.9 2.1

% of total variance 62.8 15.5 11.3
% of cumulative variance 62.8 78.3 89.6

* Correlations marked in bold are > 0.70; values between 0 and 1 indicate a positive contribution to the
axis, while values ranging between — 1 and 0 indicate a negative contribution).

pitation of warmest quarter (bio 18) and temperature seasonality (bio 4) were the two most
important predictors of the snail’s habitat distribution in terms of permutation importance
(table 3). Variables bio 9 (mean temperature of the driest quarter) and bio 6 (minimum
temperature of the coldest month) exhibited modest contributions to the model, thus indi-
cating that contain information necessary for the model. The remaining variables contrib-
uted less to model development.

The environmental variable with highest gain when used in isolation is bio 4, which
therefore appears to have the most useful information by itself. The environmental vari-
able that decreases the gain the most when it is omitted is bio 9 (mean temperature of the
driest quarter), which therefore appears to have the most information that isn’t present in
the other variables. Permutation importance of bio 9 (13 %) too supports the significance
of this variable for contributing to the Maxent model.

In summary, a multiple approach towards assessing the contribution of bioclimatic
variables to the Maxent model, points out the greater importance of such variables as bio 4,
bio 9 and bio 18. Further on, response curves gave an indication of the dependence of the
predicted probability of presence (i. e., predicted suitability) on each of these variables as
well as the range under which they reach an optimum of suitability. These probabilities are
calculated for the range values of one variable, with all other 19 variables set to their aver-
age value over the set of presence localities. Upward trends for variables indicate a positive
relationship; downward movements represent a negative relationship; and the magnitude
of these movements indicates the strength of the relationship (Baldwin, 2009), essentially
they demonstrate biological tolerances.

The relationship between bio 4 (temperature seasonality) and the presence probability
of F. esperi is not linear (fig. 1). The presence probability increases exponentially from 0.019
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Table 3. Different metrics* on the contribution of bioclimatic variables to the Maxent model

, Permutation Jackknife raining gain
Variable acronym . - - - : ;
importance with only variable | without this variable
bio 1 1.6 0.142 1.513
bio 2 1 0.119 1.518
bio 3 5.9 0.440 1.510
bio 4 10.9 0.564 1.485
bio 5 0.5 0.065 1.521
bio 6 9.8 0.283 1.510
bio 7 0.4 0.269 1.522
bio 8 1.6 0.139 1.512
bio 9 13 0.136 1.427
bio 10 0.3 0.186 1.522
bio 11 0.7 0.263 1.522
bio 12 3.2 0.276 1.515
bio 13 0.7 0.211 1.518
bio 14 7.3 0.321 1.496
bio 15 7.6 0.140 1.434
bio 16 0.2 0.251 1.521
bio 17 5.2 0.333 1.509
bio 18 233 0.328 1.454
bio 19 6.7 0.514 1.503

* All values are averages of the 25 replicates of the model. The relative contribution is obtained from the
increase of the regularized gain when each variable is added to the model. The permutation importance is obtained
by randomly permuting the values of that variable among the training points and measuring the decrease in
training AUC produced by the permutation. The Jackknife training gain with only variable is the training gain
that the model achieves when using only that variable, and the Jackknife training gain without this variable is the
training gain that the model achieves when using the rest of variables except that one. Consequently, in the first
two metrics larger values indicate higher contribution of variables to the model, while in the last one, the lower
values indicate greater importance of variables to the model. Arbitrarily, permutation importance around 10 %
and above, and only four highest contributions for the Jackknife training gain are considered (marked in bold).

and at 0.030 the presence probability reaches a peak (0.689), indicating the highest chances
to find this snail. The probability decreases sharply from the peak to 0.040 after which there
is no chance any more for this species to distribute. By using a threshold of 0.5, this species
potentially occurs in the narrow temperature seasonality range of 0.029 to 0.031. If thermal
tolerance is indeed strongly influenced by the seasonality in temperature an organism expe-
riences (Janzen, 1967, Ghalambor et al., 2006), F. esperi in this context is most likely to be
a thermal specialist with a relatively narrow tolerance. This is particularly important in the
light of climate change as far as thermal specialists should have a greater cost associated with
dispersal and adaptation to a changing environment, putting forward a threat to the species.

The relationship between bio 9 (mean temperature of the driest quarter) and presence
probability also is not linear (fig. 2). In this case the response curve can be characterized as
“bell shaped”, indicating reduced suitability as the mean temperatures shift from the opti-
mum of +1.20 °C. This is observable particularly in the range below zero, meaning that at
a time of diminishing water supply (encompassing winter months, but not only) freezing
temperatures have an enhanced negative effect on the snaiResponse curves of variables are
often broken, showing no specific trend in the climatic conditions required by the species.
At a first sight this could be applied to the response curve for precipitation of the warmest
quarter (bio 18), however the jackknife test of variable importance distinguished it as an
essential predictor, so in this case regularization has been used as a smoothing parameter.
The smoothed plots for bio 18 are displayed in fig. 3, detecting a curve that could be bimo-
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Fig. 2. Response curve of the mean temperature of the driest quater (bio 9).

dal. One optimum of presence probability is not clear enough because the curve is “open
ended”, whereas the other has an obvious peak centered around 256.4 mm of precipitation.
At this certain time of the year this is, of course, rainfall, a sufficient amount of which is es-
sential for the survival of the snails when ambient temperatures are at their height.

Bimodality (or irregularity) of the response curve indicates that there may be at least
two or more spatial clusters of F. esperi in Ukraine: some greatly depending on rainfall of
the warmest quarter of the year and could be from areas where rain is more infrequent,
whereas others are not so much dependent on this particular dimension of the niche as far
as rainfall is in plenty in places where they happen to occur. Interestingly, this assumption
is supported by both conventional studies (Stelmashchuk, Stadnichenko, 2011) and the
results of our species distribution modeling in Maxent, indicating a gap between “north-
ern” and “southern” portions of the home range of F. esperi in Ukraine and smaller gaps
elsewhere.

From the 25 model runs, the average AUC was 0.965 * 0.001, with little variation in
AUC between runs. The averaged output from these 25 model runs is shown in fig. 4, a bi-
nary map showing presence above the 10 percentile training presence logistic threshold of
0.4042 for contemporary climatic conditions. From the map a “northern” cluster (N) can
be assumed, and few more confined to the catchments of the Dnister (Ds), Danube (Du),
Southern Buh (Bu) and lower reaches of the Dnipro (Dn).
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Fig. 3. Response curve of the precipitation of the warmest quater (bio 18).
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Fig. 4. The potential distribution map for F. esperi in Ukraine under contemporary climatic conditions
(black squares represent pixels of 10-minute resolution, predicted to be suitable for the species). Convex
polygons are drawn around assumed clusters: N — “northern”, Ds — “Dnister”, Du — “Danube”, Dn —
“Dnipro”.

Fig. 5. The potential distribution map for F. esperi in Ukraine under climatic conditions projected for 2050.
Captions as in fig. 4, Bu — “Southern Buh”.

Based on extensive field studies, N. Stel'mashchukand A. Stadnychenko (Stel'mashchuk,
Stadnychenko, 2011) also believe that there is a northern cluster of F. esperi in Ukraine, sepa-
rated from the rest of the home range of the species roughly along the line Otaci-Mohyliv-
Podilskiy-Pervomaysk-Archangelske-Antonivka. The modeled habitat suitability (i. e.,
probability of presence) in this gap achieves low values ranging between 0.1671-0.3341,
whereas areas between the “southern” portions of the home range of F. esperi in Ukraine
reach a higher suitability (from 0.3341 to 0.5012), and apparently are separated from one
another to a lesser extent. In terms of the bioclimatic niche it is exactly the “northern” clus-



Distribution of the Freshwater Snail Species Fagotia... 349

ter, where precipitation of the warmest quarter (bio 18) reaches 240.5 + 2.7 mm, a figure
quite close to the one predicted by the modeled response curve (see above).

Under a changing climate scenario, vulnerability of such specialist species as F. esperi
may increase considering that climatic conditions, especially rising temperatures and vari-
ability of the temperature regime, can affect the snail. Maxent, as a SDM, has been used to
project future distributions based on projected future climate of 2050. The averaged output
binary map from 25 model runs is shown in fig. 5 (AUC = 0.943 + 0.001). First what can
be seen is the increasing gap separating the “northern” cluster of the species from other
such clusters and an accompanying trend leading towards the increased fragmentation of
the home range in other places, exemplified, for instance, by the splitting of the “Dnipro”
cluster and turning the species in the Southern Buh (Bu) into an isolated pocket. Fur-
thermore, the modeling predicts a reduction of total area of suitable habitat by 2050 from
around 15 % of the country to 11.6 %. In some way this trend has already been captured by
N. Stel’'mashchuk and A. Stadnychenko (Stel’'mashchuk, Stadnychenko, 2011), which argue
that the northern border of the “southern” clusters of the species since the 1970s has shifted
down south from the line Zalishchyky-Oleksandria—-Vinnytsia-Talne-Dnipropetrovs’k to
its nowadays position (see above).

Conclusions

Knowledge of the necessary physical environmental attributes aids greatly in under-
standing issues regarding regional distribution, offer important new insights into the aut-
ecology of species. This study makes available the first predicted potential distribution map
for the freshwater snail F. esperi in Ukraine for both contemporary climatic conditions and
conditions projected for 2050. The present study utilized the species occurrence informa-
tion to generate the distribution map of the target species and accomplish its validation.
The average training AUCs for the replicate runs of 0.965 and 0.943 indicated acceptable
success rates.

Of the 19 predictor variables used to build our model, the strong negative contribu-
tion of temperature variables featuring the thermal dimension of the niche of F. esperi raise
concern on the future of the species under a scenario of a warming climate. The species
seems particularly susceptible to variations of parameters expressing the homogeneity of
temperatures throughout the year, pointing it out to be a thermal specialist.

In this study, it is shown by predictions of snail habitat suitability and conclusions
from field study reports that there is a distinct north-south gradient of suitability, divid-
ing the home range of F. esperi across Ukraine into separate clusters. Predicted changes of
spatial distribution in the future climate are apparent with a trend towards more locations
with unsuitable habitats and further fragmentation of the home range.

Research and development of conservation strategies for such range-restricted and
stenobiotic aquatic species as F. esperi is urgently needed to avoid the high probability of
future extinctions and aquatic ecosystem change. For this purpose the results of species
distribution modeling should provide a useful guidance.
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